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Abstract

This thesis deals with the design and application of modern control techniques to a Rolls Royce aircraft 

gas turbine engine and networked systems. It is motivated by the need to fully exploit recent advances in 

control engineering and investigate the suitability of various control methods to gas turbine engines and 

networked systems.

The main contributions of the first part of the thesis relate to the gas turbine engine control. Due to the 

nonlinearities of the gas turbine engines, the rate limiter and saturation constraints on the fuel feed, the 

aim is to illustrate the potential of a global nonlinear controller to cover the engine operating range. 

Several nonlinear control methods, gain-scheduling PID controller, approximate model predictive control 

(AMPC) and nonlinear model predictive control (NMPC), are presented along with the corresponding 

control algorithms. Since the parameters in a gain-scheduling PID controller change with the operating 

range, the need is apparent for a global nonlinear controller to cover its operating range. AMPC and 

NMPC are then demonstrated to be capable of providing a global nonlinear controller for the engine and 

can be used in the place of the gain scheduling PID controller. It is shown that AMPC is more preferable 

than NMPC if computational time is at a premium.

The main theme of the second part of the thesis is the design and application of the networked predictive 

control (NPC) to compensate for the network delay and data packet dropout in both forward and 

backward channels for networked systems. NPC using both modified model predictive control and 

generic polynomial method is presented along with the corresponding control algorithms. For both 

approaches, the system stability for a fixed network delay is presented and an analytical stability criterion 

is obtained. This provides some guidelines on how to choose the NPC parameters in the case of random 

network delay. The performance of NPC can be further improved by using a robust NPC (RNPC). To 

validate the performance using the proposed control methods, a servo motor system is then used for both 

Intranet and Internet based simulations and practical experiments. A networked control test rig along with 

the network delay measurement method is used for real-time implementation. It is shown that both NPC 

and RNPC can efficiently compensate for the network delay and data packet dropout in both channels.

This thesis provides basis for the real-time implementation of advanced control methods in gas turbine 

engines. While this work was applied to a gas turbine engine, these techniques can be applied to a range 

of nonlinear control systems. The work on the networked predictive control presented in this thesis can 

provide basis for further research relating to this area.
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Chapter I

Introduction



Introduction

This thesis deals with the design and application of modern control techniques to 

aircraft gas turbine engines and networked systems. This work can be seen as an 

extension of the work presented by Evans (1998) and Chiras (2002a). Evans (1998) 

estimated linear engine models in the frequency domain to model the dynamic 

relationship between the fuel flow and the shaft speeds of a Rolls Royce aircraft gas 

turbine engine. The fact that the engine dynamics change with the operating point 

indicates that the use of nonlinear models to represent the engine dynamics throughout 

the operating range in the place of a family of linear engine models is apparent. 

Therefore, Chiras (2002a) focused on estimating single global nonlinear models for 

each engine shaft, capable of representing the engine dynamics at a range of speeds. 

These well-developed linear and nonlinear engine models provide basis for advanced 

controller design in gas turbine engines. The main focus of this thesis is to design and 

apply the advanced nonlinear control techniques to gas turbine engines throughout its 

operating range. This thesis also focuses on the theoretical design and practical 

implementation of the networked predictive control to networked systems to 

compensate for the random communication time delay and data packet dropout, which 

are known to highly degrade the control performance of networked systems.

The thesis can be divided into two main parts. The first part deals with the advanced 

modelling and control of aircraft gas turbine engines. Previous work on linear and 

nonlinear engine models presented by Evans (1998) and Chiras (2002a) is briefly 

introduced. Based on these well-estimated linear and nonlinear engine models, several 

nonlinear control techniques along with their control algorithms are presented and 

applied to control the aircraft gas turbine engine. This part covers Chapters 2 to 5. The 

second part deals with the design and practical implementation of networked predictive 

control techniques for networked systems suffering the random communication time 

delay and data packet dropout in both forward and backward channels. Several 

networked predictive control algorithms and the robust controller design for networked 

systems are explored and presented. The control performance using these methods is
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examined in both simulations and practical experiments of a servo motor system 

controlled through both Intranet and Internet. This part covers Chapters 6 to 8.

This work was motivated by the desire to take full advantage of modem control 

techniques to obtain the optimal control performance for gas turbine engines and 

networked systems. Model predictive control techniques are chosen throughout most 

parts of the work. It takes advantage of the ability of such techniques to cope with the 

rate limiter and saturation constraints on the fuel feed for gas turbine engine control 

systems. For networked control systems, it provides future control inputs, which can be 

used to compensate for the time delay and data packet dropout in the communication 

channels.

The main body of the thesis begins in Chapter 2 with an introduction to the fundamental 

concepts relating to linear and nonlinear system modelling and identification 

techniques. Firstly, linear time invariant systems in both time and frequency domains 

are presented. Linear model estimators are described for parametric time-domain 

modelling and for both non-parametric and parametric frequency-domain modelling. 

Methods to estimate the model order are reviewed and a model validation procedure is 

addressed. A discussion of key issues on test signal design is also presented. Particular 

attention is paid to the selection of the input excitation with periodic test signals and the 

properties of multisine and inverse repeat maximum length binary sequences (IRMLBS) 

are discussed. An introduction to nonlinear system modelling is also presented. 

Particular emphasis is given to the estimation of polynomial nonlinear autoregressive 

moving average with exogenous inputs (NARMAX) models and multilayer perceptron 

neural network models. To model and validate linear and nonlinear engine models, the 

engine data is separated into estimation and validation data sets. The estimation data is 

composed of small signal tests at different operating points in order to ensure the 

minimal influence of thermal effects and ensure that the variation of engine dynamics 

with the operating point is represented in the data, since thermal effects are not dealt 

with in this thesis. Linear time-domain and frequency-domain estimation techniques are
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applied to model the dynamics of the HP and LP shafts of the gas turbine at different 

operating points. It illustrates the potential of linear models to represent the engine 

dynamics at different operating points. It is shown from the results obtained that the 

poles, zeros and dc gains change with the operating point, thus indicating that the 

engine dynamics between the fuel flow and shaft speed is nonlinear. In order to obtain a 

nonlinear engine model to cover its operating range, NARMAX and neural network 

estimation techniques are employed for both engine shafts. The performance of the 

estimated models is demonstrated using a range of validation data sets and by 

comparing their static behaviour with that derived from the engine data. It shows that 

both NARMAX and neural network models have abilities to model the global dynamics 

of an aircraft gas turbine engine. This chapter is an overview of techniques presented by 

Evans (1998) and Chiras (2002a) with extensions to include the bias terms of the linear 

engine models obtained in the frequency domain, since the original linear engine 

models are estimated with the mean removed from the data records. This chapter 

provides the basis for the model based controller design in gas turbine engines covered 

in Chapters 3 to 5 of the thesis.

Chapter 3 begins with a brief review of work previously conducted and provides a 

summary of future trends in the controller design for gas turbine engines. As one of the 

most widely used controllers, PUD controller is firstly proposed to control the gas 

turbine engine. For a variety of reasons, most process controllers are surprisingly poorly 

tuned. In order to overcome this problem, three PID parameter-tuning methods are 

proposed using the performance indexes, integral of the squared error (ISE), integral of 

the absolute error (IAE) and integral of the time-weighted absolute error (ITAE). All 

three tuning methods are model-based and therefore they can provide an optimal control 

performance for the gas turbine engine. The models used for tuning PID parameters are 

based on the previously estimated models considered in Chapter 2. The proposed 

methodology is then employed to tune the PID parameters for HP shaft using different 

models. A comparison is provided between the estimated controller parameters and 

performance, based on the linear, NARMAX and neural network models of the engine,
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using performance indexes. It clearly shows that due to the nonlinearities of the gas 

turbine engine and the rate limiter and saturation constraints on the fuel feed, one set of 

PID parameters can not provide an optimal control performance throughout the 

operating range, thus the gain-scheduling PID controller is deemed to be essential to 

provide an optimal control performance for the engine. However, since the controller 

parameters in a gam-scheduling PID change with the operating range, the need is 

apparent for a global nonlinear controller to cover its operating range.

A global nonlinear controller, approximate model predictive control (AMPC) is 

presented in Chapter 4 and is used to control the gas turbine engine. This method is 

based on model predictive control techniques and uses instantaneous linearisation of 

nonlinear models incorporating the generalised predictive control (GPC). Since there 

are the rate limiter and saturation constraints on the fuel feed, two ways are considered 

to deal with these constraints, one is the hard constraint method and another is the soft 

constraint method. The algorithms used for AMPC with both hard and soft constraints 

are presented. Since the author did not have access to a gas turbine engine to implement 

the control strategy at the time of reporting this work, the previously estimated neural 

network engine model is used as the model predictor and the previously estimated 

NARMAX engine model represents the "true dynamics" of the system. Using two 

different engine models enables the effects of model mismatch to be taken into account. 

The proposed AMPC with both hard and soft constraints is then employed to control the 

gas turbine engine. Their control performance is demonstrated and compared using a 

range of small, large, random signal and disturbance tests. Finally a comparison 

between AMPC and gain-scheduling PID controller is made.

In order to assess the effects of linearisation on the control performance using AMPC, 
nonlinear model predictive control (NMPC) is considered in Chapter 5. In this 

approach, the nonlinear models can be directly used in the model prediction without any 

linearisation. The disadvantage of this method is that the computational time is much 

longer than that using AMPC. The most involved task in NMPC is the optimisation
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problem. In order to solve this problem, two ways to deal with NMPC with fuel feed 

constraints are employed and presented. One is the Newton-based Levenberg- 

Marquardt approach (NLMA) with hard constraints and another is the sequential 

quadratic programming (SQP) with soft constraints. The control performance of using 

both methods is demonstrated and compared using a range of small, large, random 

signal and disturbance tests for the gas turbine engine. Finally the engine control 

performance using NMPC, AMPC and gain-scheduling PID controller is compared. 

Chapters 4 and 5 illustrate the potential of AMPC and NMPC to control the gas turbine 

engine in the place of the gain-scheduling PID controller.

The second part of this thesis commences with Chapter 6, which presents a novel 

control technique to deal with the random communication time delay and data packet 

dropout, which are known to highly degrade the control performance of networked 

systems. These problems can be solved by using a networked predictive control (NPC) 

method, which consists of a control prediction generator and a network delay 

compensator. In this chapter the control prediction generator uses a modified model 

predictive control (MPC) to provide the future control sequence, which can be safely 

applied to the system using a network delay compensator, thus the forward 

communication time delay and data packet dropout can be compensated for. The time 

delay and data packet dropout in the backward channel can also be compensated for 

using the model predictor and the Diophantine equation in the control prediction 

generator. The stability of the networked control system for a fixed time delay in both 

channels has been presented and an analytical criterion has been obtained. Although the 

analytical criterion for the random time delay case is not fully solved yet, the analytical 

criterion for the fixed time delay can give some guidelines on how to tune the 

parameters of the modified MPC. A networked control test rig built by Chai et al. 

(2005) is used to test the control performance of a networked servo motor system using 

the proposed method. A network delay measurement method has also been presented to 

measure the real-time forward and backward time delay for the networked control 

systems. Off-line simulations and practical experiments based on a servo motor system
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controlled through both Intranet and Internet have been carried out. It indicates that the 

proposed NPC with a modified MFC is suitable and practical for real-time networked 

control systems.

Another networked predictive control uses a more generic polynomial method to deal 

with the random communication time delay and data packet dropout in both channels 

and this is presented in Chapter 7. This method is very similar to NPC using a modified 

MFC and consists of a control prediction generator and a network delay compensator. 

The only difference between two methods is the control algorithms used for the control 

prediction generator. In this chapter, a generic polynomial method is used to generate 

the future control signals. The question of the closed-loop stability has also been 

addressed and an analytical stability criterion is derived for the fixed time delay in both 

channels. This criterion also provides some guidelines on how to tune the parameters of 

the generic polynomial controller to the random time delay case. The networked control 

test rig and the network delay measurement method presented in Chapter 6 are used to 

test a networked servo motor system using NPC with a generic polynomial method. 

Off-line simulations and practical experiments based on a servo motor system 

controlled through both Intranet and Internet have been carried out and the superior 

control performance of the implementation has been demonstrated.

Chapters 6 and 7 provide two generic design procedures for networked control systems. 

The robustness of networked control systems is not dealt with in these two chapters. In 

order to improve the robustness of networked control systems with uncertainties, 

Chapter 8 presents two novel control techniques, robust networked predictive control 

(RNPC) using both modified MFC and generic polynomial method to improve the 

robustness of the networked control systems. A modified MFC or a generic polynomial 

method is used to generate future control sequences, which can be applied to the system 

when the control signal in the forward communication channel is delayed or dropped 

out. Thus the time delay and data packet dropout in the forward channel can be 

compensated for. For both methods, a modified Smith predictor is used to compensate
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for the backward time delay and data packet dropout. The design of a filter is used to 

improve the robustness of the networked control system. Robustness analysis using two 

methods is also presented. It shows that a high disturbance rejection performance leads 

to a low robustness. Therefore there is the need to make a compromise between 

disturbance rejection and system robustness. To illustrate the improvement in control 

performance using the proposed two methods, off-line simulations and practical 

experiments have been carried out. It shows that the proposed two RNPC methods 

provide better robustness than that using NPC with both modified MFC and generic 

polynomial method.

The chapters of this thesis are written to be self-contained, as far as possible, and each 

begins with a short abstract and ends with a set of conclusions. It is suggested that 

Chapters 2 to 5 should be read together since they are related to the modelling and 

control of aircraft gas turbine engines and form the first part of the thesis. The second 

part of the thesis, Chapters 6 to 8 related to networked control systems should be read 

together.

A number of the chapters are based on one or more published papers. Chapter 3 is based 

on Mu et al (2002; 2003), Chapter 4 is based on Mu et al. (2004a) and Chapter 5 is 

based on Mu et al. (2004b; 2004c). The work on gas turbine engine control described in 

Chapters 3 to 5 has also been presented in a published journal paper (Mu et al., 2005a). 

The work on networked predictive control systems is presented in Chapters 6 to 8. 

Chapter 6 is based on two international conference papers (Mu et al., 2004d; Liu, Mu 

and Rees, 2004) and a journal paper, which has already been submitted for publication 

(Mu et al., 2004e). Chapter 7 is based on Liu, Mu and Rees (2005a) and the practical 

work conducted in that area has led to a journal paper that has been recently submitted 

for publication (Liu, Mu, Chai and Rees, 2005b). Finally Chapter 8 is based on another 

international conference paper (Mu et al., 2005b).



Chapter II

Linear and Nonlinear Modelling and Application to Gas

Turbine Engines

Abstract — In this chapter the fundamental concepts relating to linear and nonlinear 

system modelling and identification are presented. Linear time invariant systems in both 

time and frequency domains are firstly introduced. Linear model estimators are 

described for parametric time-domain and for both non-parametric and parametric 

frequency-domain modelling. The issue of model order selection and validation is also 

briefly discussed. The benefits of using periodic test signals in the experiment design 

are outlined and the properties ofmultisine and maximum length binary sequences are 

presented. An introduction is presented to the nonlinear system modelling with 

particular emphasis given to the estimation of polynomial nonlinear autoregressive 

moving average with exogenous inputs (NARMAX) models and multilayer perceptron 

neural network models. The above linear time-domain and frequency-domain 

estimation techniques are applied to model the dynamics of the HP and LP shafts of the 

gas turbine at different operating points. It shows that frequency-domain techniques 

should be preferred over time-domain techniques for the linear engine modelling. In 

order to obtain a nonlinear engine model throughout its operating range, the presented 

NARMAX and neural network estimation techniques are employed for both engine 

shafts. The performance of the estimated engine models is demonstrated using a range 

of validation data sets and by comparing their static behaviour with that derived from 

the engine data. This chapter is an overview of Evans (1998) and Chiras (2002a), and it 

serves to provide basis for advanced controller design in gas turbine engines.
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2.1 Introduction

With the development of science and technology, scientists discovered the underlying 

laws, which govern the behaviour of physical systems, such as the laws of conservation 

of energy and mass and Newton's law of movement. These laws have enabled 

mathematical models to be obtained for physical processes. However, in many cases, 

such fundamental models are difficult to obtain and when they can be derived, they are 

often complex and intractable, with physical constants that are difficult to measure 

accurately.

Modern system identification techniques provide an alternative way of deriving a 

system model to deal with these problems, and offer a powerful method of representing 

physical reality by a mathematical model, obtained from experimental input-output data 

measurements taken from a system. This new field has received much attention over the 

last forty years and a mature body of knowledge and testing techniques now exist 

(Eykhoff, 1984).

A model can be expressed in parametric form using a differential or difference 

equation, and has a finite number of parameters. Alternatively, a model can be 

expressed in nonparametric form, as a set of values related to an independent variable, 

usually time or frequency.

According to Eykhoff (1984), a parametric identification scheme includes both physical 

and experimental modelling approaches as shown in Figure 2-1. It should be stressed 

that any practical parametric model building will involve elements of both paths and 

that models estimated from input and output data can often be used to verify the 

theoretical models derived from physics.

In this chapter, linear and nonlinear model estimation is considered and is applied to the 

modelling of the gas turbine engine. Section 2.2 provides an introduction to the
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fundamental concepts relating to the modelling and estimation in the time and 

frequency domain of linear time invariant systems. The key issues in experiment design 

will be discussed with particular attention paid to the use of periodic signals. The 

properties of multisine and maximum length binary sequences are presented. Two 

nonlinear representations, polynomial NARMAX and neural network models, are 

presented in Section 2.3. Based on these well-developed techniques, both linear and 

nonlinear engine models are identified and presented in Section 2.4. Finally some 

conclusions are given in Section 2.5.
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permission.)
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2.2 Linear System Identification

A causal, linear time-invariant (LTI) system is described by equation (2-1), which 

expresses the output of such a system as a convolution of its impulse response and the 

input:

i 
y(t) = jh(ryu(t-r)dT: t > 0 (2-1)

T=0

where u(f) is the input to the system, y(t) the output and h(r) the system unit impulse 

response. Since the impulse response directly relates the output y(f) to the input u(f), it 

provides a complete non-parametric time-domain characterisation of the LTI system.

Since most physical phenomena is expressed in terms of differential equations it is 

natural to work in the continuous-time domain. Taking the Laplace transform of 

equation (2-1) gives an input-output relationship in terms of the complex variable s

(2-2)

where Y(s) and U(s) are Laplace transforms of XO and u(f), and H(s) is termed the 

continuous transfer function. This can be expressed as follows by a rational polynomial 

function in s, with the number of zeros less than or equal to the number of poles (nb < 

no).

= o - r, =
s"° D(s)

where the exponential term represents the pure time delay Td of the system. A 

parametric continuous model H(s) can be evaluated in the frequency domain by



2.2 Linear System Identification

substituting jot for s in equation (2-3). Under steady-state conditions, the Fourier 

transform of equation (2-1) gives the nonparametnc frequency response function (FRF).

(2-4)

where Y(j(o) and U(jo)) are the Fourier transforms of y(t) and u(t), and H(jco) is a 

complex valued function of frequency, termed the FRF of the system.

In practice, the system output will be observed at discrete sampling instants

y(kTs ) = ]h(t)u(kTs -T)rfT k = 1, 2, ... (2-5)
T=0

where 7^ is the sampling interval. If the input signal is kept constant between sampling 

instants, termed piece--wise constant, such that

i/(0 = u(kTs ) kTs < t < (k + 1 )T5 (2-6)

then the convolution integral of equation (2-1) can be replaced, without approximation, 

by a discrete summation

where (/)= h(r)d-c (2-7)

which defines the system output at the discrete time points kTs (Ljung, 1987, p. 14). The 

term hj. is the discrete impulse response of the system. There is no approximation

involved in the discretisation if it is assumed that a zero-order-hold (ZOH) device is 

used to apply the signal to the continuous system. This is termed the ZOH assumption. 

If a backward shift operator z~ l is defined, where
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(2-8) 

then equation (2-7) can be re-written as

«(*T,) = HTg (z)n(W.) (2-9)

where HTg (z) can be expressed in closed form as a rational polynomial function in z, 

termed the discrete transfer function

HT, ... + anaz'"° A(z)

The subscript T^ in equations (2-7) and (2-10) indicates that the parameters of the 

discrete models are dependent on the sampling interval. A delay can be incorporated 

into a discrete model by delaying the input by a certain number of sampling intervals.

A continuous transfer function H(s) can be transformed to a discrete transfer function 

HT (z) without approximation, under the ZOH assumption. The impulse invariant

transform is defined such that the impulse response of the discrete system is equal to 

that of the underlying continuous system at the sampling instants. The following 

relation can map the continuous poles to the discrete time domain.

(2-11)

It is clear from the above analysis that the selection of the discrete sampling frequency 

is crucial in system identification. If the sampling frequency is too low, information 

about the continuous system will be lost. On the other hand, sampling too quickly, can 

lead to numerical problems, since as Ts approaches zero in equation (2-11) the z-domain
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poles will converge to a single point at z = 1, irrespective of the values of the ^-domain 

poles.

The process of model estimation involves three key elements: data gathering, selection 

of the model set from which to estimate, and selection of a rule by which the most 

appropriate model can be chosen. Once a model structure has been chosen, the quality 

of the model needs to be assessed. This is termed validation.

2.2.1 Time Domain Estimation

Estimation of the system impulse response, defined in equation (2-1), can be carried out 

either by subjecting the system to an impulsive input and measuring the output, or by 

using binary sequences and correlation methods (Godfrey, 1980). The correlation 

approach has declined in usage in recent years, since the increase in computer 

processing power now allows more sophisticated techniques to be employed.

The general structure for the class of discrete LTI transfer function models is shown in 

Figure 2-2 and can be expressed as

where

A(z) = l + a}Z-1 +... + ana z-"a (2-13) 

B(z) = V1 + ... + anbz-"b (2-14)

and F(z) has the same form as A(z), while C(z) and D(z) have the same form as B(z). 

The system input is «(/), its output y(t) and the noise sequence e(f) is assumed to be 

normally distributed and independent of the input signal, with zero mean and variance
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Xo. Simpler model structures can be achieved by setting the orders of certain 

polynomials to zero. Two basic model classes exist. The first is an equation error 

model, where the noise term enters as a direct error in the difference equation. Models 

of this class include:

• Auto Regressive with eXogenous input (ARX): nc = nd = nf = 0, so called because 

the predictor can be defined as a linear regression.

• Auto Regressive Moving Average with eXogenous input (ARMAX): nd = nf = 0, 

where C(z) acts as a moving average filter of the noise.

The second class of models is called output error models where, as the name suggests, 

the noise term is added to the system output. Such models include:

• Output Error (OE): na = nc = nd = 0.

• Box-Jenkins (BJ): na = 0; which allows greater flexibility in the choice of the noise 

model at the cost of increased complexity.

\e(f)

*"(*) A(z)

Figure 2-2. A general discrete transfer function model.

The general model can be compactly expressed as

(2-15)

where G(z,p) and H(z,p) are filters of finite order and functions of a parameter vector p.
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P = [«i- ano b,...bnb c,...cnc d,...dnd /,.../n/ ] r (2-16)

The one-step-ahead prediction for equation (2-15) is denoted as y(t)

= H~l (z, p)G(z,pXO + [!-//-' (z,p)MO (2-17)

The errors between the actual process output and the predicted model output can be 

calculated by subtracting equation (2-17) from equation (2-15) to yield

e(',P) = XO- J>(0 = H-l (z,p)[y(t)-G(z,p)u(t)] (2-18)

These are termed the residuals, prediction errors or innovations and the family of 

estimators that use this approach are called prediction error methods (PEM). The most 

common approach to determine the estimates of G(z) and H(z) is to minimise a 

quadratic cost function.

ixc,p) (2- i9>
/=!

p w =aigminFw (p) (2-20)

Where arg min means the argument which minimises the function and p^ is the 

estimated parameter vector. An analytical solution can be found to this problem for the 

ARX model but this is not the case for the other model structures and a nonlinear least- 

squares technique may be used, such as the Gauss-Newton approach (Ljung, 1987, pp. 

282-294). An empirical approach to select the pure time delay is suggested by Ljung 

(1995, p. 3-54), which involves estimating a second-order ARX model and finding the 

delay that minimises the cost function.
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PEM estimators are maximum likelihood estimators (MLE) in the presence of Gaussian 

innovations (Ljung, 1987, chapters 8 and 9). Provided that the true model is part of the 

model set and that the data has enough information, then the estimates p N will 

converge to the true parameter values po (as N —» oo) in a mean square sense 

jv -p0 ) 2 } = 0), so that the estimator is asymptotically unbiased. If the true
N-

system is not part of the model set then the estimates will converge to the best 

approximation available in the set. The estimators and algorithms discussed have been 

implemented as part of the MATLAB System Identification Toolbox, written by Ljung 

(1995).

2.2.2 Frequency Domain Estimation

A general error-in variables (EV) model for frequency-domain identification of LTI 

systems is shown in Figure 2-3, where the measured Fourier coefficients of the input 

Um(/co) and output Ym(jco) are corrupted by noise M(jco) and N(jco). It is assumed that the 

noise sequence has zero mean, and has a complex normal distribution, and that the noise 

is uncorrelated between frequency points, such that E{M(j(oft M(jcok)} = 0 and

V(jfo)

Figure 2-3. A general error-in variables model.
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Some commercially available frequency response analysers calculate the nonparametric 

FRF by exciting the system with a random signal and estimating the frequency response 

from ratios of the cross- and auto-spectra of the input and output signals. The use of 

periodic signals allows the direct estimation of nonparametric FRF, as the ratio of the 

mean values of the output and input Fourier coefficients, at the discrete test frequencies

(2-21)

m=\

where Mis the number of periods measured. This has been termed the EV estimator and 

it has been shown that it is an MLE if the input and output noise has a complex normal 

distribution, even if they are mutually correlated (Guillaume, 1992).

It is also important to consider the uncertainty of the FRF estimates. The variance of the 

estimated FRF can be defined as

= E{ (H(jco)-E{H(jco)} ) (H(J<ai)-E{H(j<o)})' } (2-22)

Schoukens et al. (1993, pp. 153-155) have shown that using linear approximations the 

variance of the FRF estimates is given by:

(2-23)
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where the terms O 2M (cok ) and G2N (cok ) are the variances of the real or imaginary parts of

M(Ja>k) and N(ja>k). If the input and output noises are cross-correlated then an additional 

factor must be introduced, such that

£(«*> = •
(2-24)

x(

where cr^ (yfl)t ) is the cross-covariance. It can be seen from equation (2-24) that the

variance of the estimated FRF is inversely proportional to the number of measurements 

and the power of the input harmonics and proportional to the noise variances referred to 

the system output.

Parametric identification in the frequency domain involves selecting the parameters of 

an s-domain model, with pure time delay Tj

= 0l .... nb £_STJ = e_sTd 
+ ....anaS "0 D(s)

A range of approaches have been proposed, which are discussed in detail by Pintelon et 

al. (1994). Employing the EV model in Figure 2-3, Schoukens et al. (1988) derived the 

maximum likelihood estimator of H(s), which was subsequently developed by Pintelon 

et al. (1992), to arrive at a cost function

= -Y
v2N \D(ja>k ,p]

,e-jo>*T<N*(ja>k .. 

where p is the parameter vector
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(2-27)

and F is the number of frequencies used for estimation. It can be seen that a 

nonparametric noise model is employed, in contrast to the time-domain approach, and 

the noise variances and covariance are required as a priori information. These can be 

obtained from the data before estimation, provided several independent measurements 

are available. This cost function can be interpreted as a least squares formulation, with 

each frequency point weighted by a noise variance term. The larger the noise variance at 

a given frequency the less that frequency will influence the cost function. Evans et al. 

(1995) showed that the estimator is an MLE under the assumption of complex normal 

noise. Under this assumption, twice the cost function K(p) is the sum of 2F squared 

Gaussian variables and is hence yf distributed with IF - np degrees of freedom, where np 

is the number of free parameters. Consequently, its expected value will be

(2-28)

The pure time delay Tj can also be included as a free parameter for estimation, which is 

an attractive feature of the frequency-domain approach, since its value is not fixed to 

multiples of the sampling interval. However for the time-domain approach, Tj must be 

fixed to multiples of the sampling interval.

The parameters that minimise the cost function can be estimated using nonlinear 

optimisation techniques such as Gauss-Newton, Levenberg-Marquardt or singular value 

decomposition. The uncertainty of the estimated parameters can be translated to 

uncertainties on the estimated poles and zeros, using the analytical techniques described 

by Guillaume et al. (1989). The estimator is now available as part of a MATLAB 

Frequency-domain System Identification Toolbox, written by Kollar (1994) and its 

derivation and properties are reviewed in a paper by Kollar (1993).
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2.2.3 Model Order Selection and Validation

In linear system identification the selection of an appropriate model order and the 

validation of that model involve techniques which are common to both time- and 

frequency-domain approaches. The model order is defined as the highest power of s of 

the denominator of the continuous transfer function in equation (2-3). Similarly in the 

discrete case the model order is the highest power of z of the denominator of the discrete 

transfer function in equation (2-10). It is important to monitor the behaviour of the cost 

function as the model order is increased. The cost function should always decrease with 

increased model order for noisy data and any results to the contrary indicate a poor 

convergence of the search algorithm. The benefit of increasing the model order becomes 

negligible after reaching a certain number of parameters. Another way to select the 

model order is to use geometric methods (Chiras, 2002a). These methods are based on 

input-output data only, their application does not depend on any restrictions to the input 

signal and most importantly they are applicable to both linear and nonlinear systems.

Over-modelling can be detected by high parameter errors, which map to high 

uncertainties in the model poles and zeros. Near-cancelling pole-zero pairs can also 

appear under these conditions, with uncertainty regions which overlap. Over-modelling 

can also give rise to models which are not credible, given a priori knowledge of the 

system under test.

The use of periodic signals allows the estimation of a high quality FRF, which should 

be free from systematic leakage and aliasing errors if care is taken in the experiment 

design. The FRF can be used to assess the quality of the estimated model by comparing 

the model frequency response with the FRF. A poor fit of the frequency data can be an 

indication of under-modelling and that the model order should be increased. 

Alternatively, it may indicate that the frequency data contain significant nonlinear or 

disturbance effects, which cannot be described by a linear model.
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Once a model structure has been selected in this way it can be further checked by 

looking at the statistical properties of the residuals. The time-domain residuals defined 

in equation (2-18) should be approximately independent and normally distributed, with 

a zero mean and a given variance. Evaluation of the residuals is not straightforward in 

the frequency-domain case, since their calculation requires the estimation of the true 

input and output Fourier coefficients, which are termed the nuisance parameters. It is 

thus preferable to study the residuals of the cost function itself, also termed the residuals 

of the noise referred to the output, as discussed in equation (2-24). Any modelling errors 

which are present stem from one of three sources: stochastic effects, under-modelling of 

the linear dynamics or unmodelled nonlinear dynamics. Schoukens and Dobrowiecki 

(1998) have proposed a technique to distinguish between these errors, based on exciting 

the system with random phased broad-band multisine signals and examining the 

normalised autocorrelation of the residuals. The normalised autocorrelation of the 

frequency-domain residuals is defined as

(F - m) £T o(jcok
0)

where H(j(Ok ) is the estimated FRF, <y(y"ft>t )its standard deviation and H(ja)k ,p) the

frequency response of the model. The autocorrelation is a complex quantity, however 

only the magnitude is of interest. Appropriate statistical bounds for the magnitude can 

be derived if Ree is assumed to have a complex normal distribution. If there are no 

modelling errors then Ree should be zero for all values of the lag m.

The final and decisive test for any estimated model is cross-validation, which involves 

repeating the estimation using a completely new data set and comparing the model 

parameters. The parameters should be identical, to within the prescribed uncertainty 

bounds.
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2.2.4 Test Signal Design

The data gathering experiment is a key step in any identification procedure since the 

quality of the final model will directly depend on the quality of the data from which it is 

estimated. A wide variety of signals may be used to excite a system during an 

identification experiment. Classical techniques make use of transient signals such as 

impulse and step inputs. These signals are susceptible to noise and their use is limited 

by the constraints placed on the Input signal amplitude, such as not drive the system into 

its nonlinear region or in the case where the operating range of the system is inherently 

limited. An alternative way is to use a random signal such as Gaussian noise, but the 

signal-to-noise ratio (SNR) may be poor and then power spectrum averaging will be 

necessary in order to obtain accurate FRF estimate. In addition, the application of 

random signals to real processes has often proven to be difficult due to actuator 

limitations.

Periodic signals are essential for frequency-domain identification if systematic errors 

are to be avoided and they also offer a number of advantages for time-domain 

identification. The benefits obtained when periodic signals are employed were discussed 

by Schoukens et al. (1994a, 1994b) and those most important to this thesis are 

summarised as follows.

Improvement in the Signal to Noise Ratio. The crest factors of periodic signals are 

generally much better than those of random or transient signals, which allows more 

power to be injected for a given time-domain amplitude. Since the signals have discrete 

spectra it is also possible to select only those frequency lines at which power is injected 

and discard the noise lines.

Data Reduction. Periodic signals combined with frequency-domain estimation allow a 

reduction in the amount of data used for estimation since this is dependent on the 

excitation frequencies, regardless of the number of samples.
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Model Validation. Periodic signals can be transformed to the frequency domain without 

leakage errors and if the SNR is good a high quality estimate of the FRF can be 

obtained. This allows the validation of both continuous and discrete parametric models 

by comparing the frequency response of the model with the estimated FRF.

In system identification the two most widely used periodic signals, multisine signals and 

binary signals, will now be considered.

Multisine Signals

A multisine signal is the sum of an arbitrary collection of cosines, which are 

harmonically related:

«(0 = X ak cos(itav + <(>k ) (2-30)

where a* is the amplitude, \k is any integral number of harmonics and Qk is the phase of 

the fcth cosine, with (OQ the signal fundamental frequency and F the number of consines

included in the signals. An important attribute of multisine signals is that the signal is 

very flexible in terms of the frequency content by the arbitrary selection of input 

harmonics. If the fundamental and all the harmonics over a given bandwidth are 

included in the signal, it is termed a consecutive multisine. A signal composed of only 

those harmonics which are odd multiples of the fundamental is termed an odd multisine.

In order to maximise the amount of power to be injected into the system, the signal 

should be compressed in the time domain by optimising the phases. One measure of the 

compression of the signal is the crest factor (CF) given by

= max(| ii

* 2 (/) " rms
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Several methods have been developed to minimise the crest factor. The most empirical 

method was proposed by Schroeder (1970), who observed that phase modulated signals 
had low peak factors and derived a formula

k-\
£ = 2,3, ...,F (2-32)

/=!

F
where p\ is the power of the 7th harmonic and ]£ p, = 1. The above formula can be

1=1
simplified for signals with flat amplitude spectrum to give

k 2
-^- k = 2,3, ...,F (2-33) 
F

Although some methods reported generate signals with lower crest factor than those 

using Schroeder phases (Rees and Jones, 1991; Van den Bos, 1993; Solomou et al. 
2001), these methods are extremely time consuming. Guillaume et al. (1991) proposed a 
method with the lowest CF achieved to date, which can be expressed as

CF= IM_ (2_34)

where 700(«) is the Chebyshev norm of u(t) and h(u) is its root mean square (RMS) 

value. Since /2 is independent of cok the problem reduces to the minimisation of the /«, 

norm with respect to the phases. Since this is non-differentiable, the 72p norm is 

minimised in its place, using a Levenberg-Marquardt algorithm. The norm is initially 

minimised with a small value of p, which is then repeatedly incremented, with the 

phases of the previous minimisation being used as starting values for each new step. 

This method is fast enough for practical application.
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The quality of single sine and multisine signals was examined by Evans (1998) in 

relation to the estimation of the FRF. It was concluded that a reduction in the order of 

80% in test times by using multisine signals can be achieved when compared with 

single sine tests, under the constraint that the relative accuracy of both single sine and 

multisine tests should be equal.

Binary Signals

Binary signals with only two values, +V and —V, are widely used in linear system 

identification because they are easily generated and allow the injection of the maximum 

possible power for a given time domain amplitude. There are many different kinds of 

binary signals presented in the literature, such as pseudo-random binary signals, 

inverse-repeat pseudo-random binary, near-binary pseudo-random signals and pseudo 

random multi-level signals. These have been discussed and compared in details by 

Godfrey et al. (2005). Out of many binary signals, maximum length binary sequences 

(MLBS) are the most popular. These are easily generated using shift registers of 

different length with appropriate feedback (Godfrey, 1993). The length of the sequence 

JV is determined by the number of registers n:

N = 2"-l (2-35) 

The amplitude spectrum of an MLBS with a peak amplitude of a is given by:

(2-36)

The frequency of the harmonics is determined by the bit period 8t and N:

f = k £ = 123 (2-37)
•'* *T £, ' ' ' '""vv -at
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and the half power bandwidth of the signal occurs at approximately 0.443/& Hz. It is 

thus possible to alter the frequency range of the signal by adjusting N and St. A binary 

signal composed of only odd harmonics can be generated by the modulo-two addition of 

the bit sequence of an MLBS signal with a sequence of alternating ones and zeros 

(Godfrey, 1993). If the addition is carried out across two periods of the original MLBS 

signal an inverse repeat (IR) sequence will be generated, with the required odd 

harmonic properties.

The CF of an MLBS defined in equation (2-31) is always 1. The test times associated 

with FRF estimates when using a binary signal are similar to the test times achieved 

when using multisines (Evans, 1998). The disadvantage of binary signals compared 

with multisines is that they are far less flexible in their frequency content and a lot of 

the power will fall outside the frequency band of interest.

The use of periodic signals greatly simplifies the analysis of the measured data. The 

presence of errors such as poor sampling synchronisation, process drift and 

measurement outliers can be detected from the time records (Kollar et al. 1994). 

Moreover the system nonlinearity is also possible to be detected in the frequency 

domain. This can be achieved by detecting the presence of additional harmonics 

generated by the system nonlinearity falling at the non-excited frequencies in the output 

spectrum. In addition, the use of specially designed multisines allows the separation of 

the frequency contributions generated at the system output by the system nonlinearity 

(Evans et al., 1995; Evans, 1998). McCormack et al. (1995) proposed a technique to 

assess the periodicity of the generated harmonics and distinguish them from noise 

harmonics using the squared coherence function, which is termed nonlinear coherence.

I^Ym (j(o)\2 2 (2'38)
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where Ym(j(d) is the output spectrum at the excited and nonexcited frequencies, Y*m(j(o) 

its complex conjugate and Gr^af) the autospectrum of the output. This shows that, as M 

becomes large, the nonlinear coherence will express the ratio of the periodic power over 

the total power at each output frequency. If the periodic component is zero, it will 

assume a value of 1/M, which gives a useful bound with which to judge the significance 

of the nonlinear coherence values. It can be assumed that all those values, which lay 

close to this bound, are simply a function of noise and do not indicate the presence of 

any periodic nonlinear contributions.

2.3 Nonlinear Modelling

All physical systems are nonlinear, to a greater or lesser extent. If the underlying 

physical process does not exhibit similar dynamic behaviour to the linear model in the 

operating region of interest, the development of methodologies and approaches for 

nonlinear system modelling and analysis is essential. There are various nonlinear 

system representations available in the literatures. Three basic approaches, block- 

oriented models, polynomial NARMAX structures and neural network models, were 

used to estimate nonlinear engine models. (Chiras et aL, 2001 a; 2001b; 2001 c; 2002b; 

2002c; Chiras, 2002a).

Two block-oriented structures, Hammerstein model with a static nonlinearity in series 

with a linear time-invariant system and Wiener model with a linear dynamic element in 

series with a static nonlinear part, were introduced by Chiras (2002a) to model the 

nonlinear engine dynamics. It showed that Hammerstein models provide a relatively 

poor approximation of the engine dynamics at different operating points. However 

Wiener models are capable of representing the engine dynamics throughout the 

operating range. The static behaviour of both Hammerstein and Wiener models is able 

to approximate the engine static behaviour throughout the operating range of interest.
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2.3.1 Polynomial NARMAX Model

The popularity of the polynomial nonlinear autoregressive moving average with 

exogenous inputs (NARMAX) representation in modelling nonlinear dynamic systems 

is due to the ability of NARMAX models to approximate a wide variety of functions 

around an equilibrium point. The NARMAX representation was first introduced by 

Leontaritis and Billings (1985a; 1985b) and includes a family of other nonlinear 

representations such as Volterra series and block-oriented models (Liu, 1988). It does 

not impose any restriction on the nature of the system excitation and the model is linear 

in parameters thus allowing the application of readily available parameter estimation 

techniques. It can be expressed by

XO = F'- X " — '" v " '^ " " \ + e(t) (2-39) 
|_e(/-l),...,e(f-».) J

where F1 is a nonlinear function which in this work is taken to be a polynomial of 

degree / (Note that for 1=1 the resulting model is a linear ARM AX model); y(t), u(t)

and e(i) represent the output, input and noise signals respectively; ny , nu , and ne are

their associate maximum lags, and o?e {0,1,2,...} is the delay measured in sampling 

intervals, Ts. Chen and Billings (1989a) rigorously proved that a nonlinear discrete 

system can always be represented as a NARX model (NARMAX model with the noise 

terms excluded) around an equilibrium point if i) the response function of the system is 

finitely realisable and if ii) a linearised model of the system exists around the 

equilibrium point. This does not impose any severe restrictions on its application, since 

most practical systems function around an operating point. It is noted, that the noise 

terms are included in the model in order to avoid bias in the parameters and account for 

uncertainties, possible noise, unmodelled dynamics etc.

The estimation of NARMAX models consists of two stages namely structure selection 

and parameter estimation. Parameter estimation is a conventional problem and several
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algorithms are available in the literature, whereas structure selection is a problem that 

requires more intuition thus presenting the most challenging issue in NARMAX 

modelling.

Parameter Estimation: The Orthogonal Estimation Algorithm

One of the most widely used decompositions in solving a nonlinear least squares 

problem is the orthogonal estimation algorithm, which was investigated by Chen et al. 

(1989b) and will be used for the parameter estimation of NARMAX engine models. 

Consider a linear-in-the-parameters polynomial model

i=0

where p.(f) represent the various terms (regressors) in the polynomial and ng the

number of coefficients in the model. An auxiliary model can then be built by 

transforming equation (2-40) into

/=0

where gf are the model coefficients and CDi are the model terms constructed to be 

orthogonal over the data records as follows

(2-42)

, (0 = Pm (0 -1 «*<»i (0, « = i, 2, ...,*!„,
(=0

where
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' 0 <S * S iii-l (2-43)

t=\

In this case the following orthogonality property holds

(2-44)

where A/" is the total number of data samples. The second step consists of estimating the 

coefficients gt and transforming them back to the system parameters 0,-. The parameters 
of the auxiliary model g, can be estimated as

gt = ^~————, i = 1. 2, ... , ne (2-45)

provided that fi>,2 (&) * 0 (Korenberg et al. 1988; Billings ef al., 1989a). The coefficients
A

9, can be obtained from gt according to the formula

(2-46)

where

(2-47)
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and ari can be obtained from equation (2-43).

A

Alternatively the coefficients 0, can be easily recovered from g{ by a backward 

substitution procedure (Liu, 1988).

(2-48)

i = ne -l,ne -2,...,l (2-49)

Matrix formulas have also been developed for the above algorithm (Korenberg et al., 

1988; Billings et al., 1989a) and four different methods for achieving orthogonal 

decompositions were compared in Chen et al. (1989b) namely, i) classical Gram- 

Schmidt, ii) modified Gram-Schmidt, iii) Householder transformation and iv) Givens 

method. Usually the modified Gram-Schmidt method is preferred since it is more 

accurate than the others (Chen et al., 1989b).

Structure Selection: The ERR Algorithm

A clear disadvantage of polynomial models is the enormous number of terms a general 

nonlinear polynomial may have. The number of terms in a polynomial grows very 

rapidly even for relatively low values for /, ny> nu and ne. A well-established procedure 

for the structure selection of a polynomial NARMAX model is based on the error 

reduction ratio (ERR) (Korenberg et al., 1988; Billings et al., 1989a). The popularity of 

this method for structure selection of NARMAX models is mainly due to the fact that i) 

it does not require the estimation of a complete model to determine the significance of 

each candidate term and its contribution to the output, ii) the ERR test is derived as a 

by-product of the orthogonal estimation algorithm. Consider the auxiliary model in
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equation (2-41), multiplying this model by itself and taking the time average over the 

data records gives

(o (2-50
t=\

Assuming that £(/) is a zero mean independent random sequence and the orthogonality 

property of equation (2-44) holds then

provided that the measured outputs are not all zero for f e [l,N]. Equation (2-51) can 

also be expressed as

or ^ERRt <\ (2-52)

(2-53)

N ,=i

The usual practice to assess the model terms is by using a forward-regression algorithm 

(Billings and Tsang, 1989b), which selects at each step the term with the highest ERR. 

The ERR test thus provides the means of ordering all the candidate terms according to a 

hierarchy which depends on the relative importance of each term. It must be noted here 

that the ERR test described above is first performed to estimate the deterministic part of
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the model that is, the terms which do not contain %(f) (noise terms), also known as the 

process model. The same algorithm is then applied in the same way to select the noise 
terms if this is required. However, the following question arises: how many terms 
should be included in the model? A practical way of addressing this problem is by 
means of information criteria such as Akaike 's information criterion (AIC) (Akaike, 
1974) defined by

+kp (2-54)

where a 2 (6p ) is the variance of the residuals associated with a/Merm model and k is a

penalising factor. The basic algorithm to perform the ERR test and select the 
deterministic part of a polynomial N ARM AX model is given below:

Step (1) Select values for /, ny, nu , ne, in equation (2-39).

Step (2) Construct all possible regressors using u(f) and y(f) according to equation 
(2-39).

Step (3) Consider all deterministic terms pt (t) (i = 1,2 ... «e )as candidates for

fi)0(0 in equation (2-42) and determine the ERR/ for each term using 
equations (2-43), (2-45) and (2-53). Select the term with the largest 

ERR,.

Step (4) Remove the selected term from the set of deterministic terms and go to 

Step (3). Note that n0 is reduced by one. Proceed to Step (5) only when 

all terms are ordered.

Step (5) Start from a model with One term and use the AIC in equation (2-54) on 
a validation data set. Increase the model terms by one according to the
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hierarchy established by the ERR test and select the model or models 

which minimise the AIC.

The ERR algorithms described in this section have been used successfully in various 

applications for the estimation of polynomial NARMAX structures. This does not mean 

that the ERR will always give a parsimonious model structure. On the contrary, if care 

is not taken the ERR test can result in a model which is overparameterised, incorrect, 

and which exhibits dynamical characteristics different to that of the real system. In order 

to assess the quality of the estimated NARMAX models, model validation is the most 

essential part in the system identification process. The classical approach to validate 

identified NARMAX models is by the use of high-order correlation functions defined in 

equation (2-55) (Billings and Voon, 1983; 1986) to detect the presence of unmodelled 

terms in the residuals of nonlinear discrete models.

0££ (T) = E{£(t — T)£(/) }= 5(r) i.e an impulse
VT

T>0 (2-55) 

VT 

0 VT

where d(r) is the Kronecker delta, £(f) are the residuals defined in equation (2-40), 

U 2'(t) = u 2 (t)-E{u 2 (t)} and u(f) is the input to the system. The identified NARMAX 

model is deemed adequate if all the normalised correction functions in equation (2-55)

are within the 95% confidence limits I — * -

It must be stressed here that the above correlation tests only provide statistical 

information. A model which is statistically valid may turn out to be dynamically 

inappropriate (Aguirre, 1994). So the final decision should be made after cross- 

validation. The reason for this is that a model is always bound to predict closely the
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estimation data, since it was estimated on that data. This does not mean that the model 

is capable of representing the system dynamics, but only that the model is able to adjust 

to the estimation data. In order to check the ability of the model to "generalise", it is 

necessary to validate the estimated models on an independent set of data, called the 

validation data. This is usually referred to as cross-validation and it is the most valuable 

tool not only for the validation of the estimated model but also for the estimation of the 

model itself. In a recent paper Ljung (2001) has stressed that the final model should be 

the one that minimises the fit for the validation data. It is also possible to incorporate 

cross-validation into the structure selection procedure by first ordering the candidate 

terms using the ERR and then using the statistical criteria in equation (2-54) evaluated 

on the validation data as a cut-off point. Thus the estimated model will be able to 

predict on validation data and capture the system dynamics.

A different way of using cross-validation to assess the performance of the estimated 

nonlinear model is to compare the static behaviour of the model against measured 

system static behaviour. If data or knowledge of the system static behaviour is available, 

then a priori knowledge can be incorporated in the model estimation procedure as in 

Aguirre et al. (2000).

Chiras et al. (200 Ic) proposed a possible way to further analyse a NARMAX model in 

the frequency domain by computing the nonlinear frequency response functions also 

known as the generalised frequency response functions (GFRF).

2.3.2 Multilayer Perceptron Neural Networks

Feedforward neural networks have proved to have excellent function approximation 

capabilities (Cybenco, 1989; Park and Sandberg, 1991; 1993; Dohler and Ruschendorf, 

2001) thus providing an alternative way to model nonlinear systems. The two most 

common types of feedforward neural networks are the multi-layer perceptrons (MLP) 

and the radial-basis function (RBF) networks. Both types of neural networks have been
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successfully used not only to model various biological and industrial processes but also 

to design controllers around them with significant benefits (Chen and Billings, 1992; 

Conchinha et al., 2000; Peng et al., 2001). Chiras et al. (2002a; 2002c) used the MLP 

network architecture to estimate nonlinear engine models. So only the MLP networks 

and its methodology will be briefly revisited here.

The basic neural network element is a neuron shown in Figure 2-4. This is a processing 

element that takes a number of inputs, applies some weights and sums them up, and 

feeds the result to an activation function. The inputs to the unit can be external inputs or 

outputs of processing units. Bias inputs such as b^o in Figure 2-4 can also be used to 

represent a displacement or a constant input. The activation function can be any kind of 

singular valued function, linear or nonlinear. The most popular activation functions used 

in system identification are the sigmoid function and the hyperbolic tangent function 

(tanh). The sigmoid function is given by

(2-56)

and the closely related hyperbolic tangent function is given by

)-l (2-57)

so that it makes no difference which of these two function is used.

A feedforward multilayer-perceptron network is constructed by ordering the units into 

layers, with each layer taking other external inputs or outputs of units in previous layers 

as input. An example of a two-layer feedforward network is shown in Figure 2-5 where 

it can be seen that the second layer produces the output, thus referred to as the output 

layer. The first layer is called a hidden layer since it is hidden between the external 

inputs and the output layer. Cybenco (1989) proved that a neural network with one
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hidden layer of sigmoidal or hyperbolic tangent units and an output layer of linear units 

is capable of approximating any continuous function. The network is described by the 

magnitude of the weights and bias, and should be determined by training the network on 

the estimated data. The estimation of the weights is usually a conventional estimation 

problem and several algorithms are available for this propose.

Pi

PS

PR

£
h i,o

f.
y,

Figure 2-4. Neuron: yt = ft QT Wj jp} + b, 9 ).
7=1

External Inputs First (hidden) layer Second (output) layer

w 1,1 £
h i f, 1,1~~ n y£-t

— — - ̂ f2

Ib2 i,c

b 2
s,0

Figure 2-5. Two-layer feedforward neural network.
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The structure of a neural network is defined by the choice of regressors, such as
• NNFIR (Neural Network Finite Impulse Response) models, which use u(t-k) as 

regressors.

• NNARX (Neural Network AutoRegressive with eXogenous inputs) models, which 
use u(t-k) andy(t-k) as regressors.

• NNOE (Neural Network Output Error) models, which use u(t-k) and y(t-k) as 
regressors.

• NNARMAX (Neural Network AutoRegressive Moving Average with eXogenous 
inputs) models, which use u(t-k), y(t-k) andy(t-k) as regressors.

In this thesis, NNARX model such as the one shown in Figure 2-6 and defined in 
equation (2-58) is used to model the nonlinear engine dynamics.

y(t-\)

• y(t-n y )
Neural 

Network

y(t)

Figure 2-6. The NNARX model structure.

(2-58)

where w,* and wjo are the weights and biases of the hidden layer, Wj and WG are the 

weights and biases of the output layer, respectively, (pk (t) are the output and input lag
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terms. nh denotes the number of the hidden units in one hidden layer and n is the total 

number of the output and input lag terms.

Once the model structure has been selected, the next step in the neural network 

estimation procedure is to apply the data set to select the "best" model among the 

candidates contained in the model structure. This stage is called training, it involves the 

minimisation of a fit criterion, the most common choice being the sum of square errors 

given by

(2-59)

where 6 are the model parameters (weights), y(f) the system output, y(f) the model 

estimate, AT the number of samples and Z? a matrix known as training data given by

y(t-\)....y(t-ny ) u(t-l)....u(t-nj] (2-60)

/\

and the parameter estimate 6 is obtained as

(6»,ZJv ) (2-61)

An important issue in system identification is the compliance with the principle of 

parsimony. It would be expected that increasing the size of the neural network model 

and the number of weights will decrease the criterion in equation (2-59) thus obtaining a 

better fit to the estimation data. This does not necessarily mean that the model is able to 

be "generalised" but only that the model is able to adjust to that particular piece of data 

that it has been trained on. In order to select the size of a neural network model, models 

of different sizes are trained on the estimation data and the model, which minimises the 

fit for the validation data in equation (2-59), is selected as the final model. The whole
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procedure for estimating a multilayer perceptron feedforward neural network model can 

be summarised as follows:

Step (1) Select the neural network model structure i.e. NNARX.

Step (2) Split the measured data into an estimation data set and a validation data 

set.

Step (3) Select the input and output lag spaces «„ and ny, the input time delay d.

Step (4) Using the estimation data set, train a number of neural network models. 

Start from a simple model structure with one hidden unit and increase the 

model structure gradually with one hidden unit at a time.

Step (5) Compute the value of the criterion in equation (2-59) for each of these 

models using validation data.

Step (6) Select the one that minimises the fit on the validation data as a final 

model.

All estimators and algorithms required for the estimation of a multilayer perceptron 

feedforward neural network are implemented in the Neural Network System 

Identification Toolbox for MATLAB written by N0rgaard (2000).

2.4 Linear and Nonlinear Modelling of Gas Turbine Engines

Gas turbine engines have been the subject of considerable study since the early days of 

jet propulsion. They are now extensively used in aerospace, marine and industrial 

application. This section firstly gives a brief introduction to the construction and 

operation of a gas turbine engine and then gives a review of the work previously and
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more recently conducted in this field. It will examine the engine models derived and the 

engine testing methods employed. Finally the HP and LP shaft dynamic models of a 

Rolls Royce aircraft gas turbine engine are identified and validated using linear, 

NARMAX and neural network estimation methods presented in this chapter. The 

section will conclude with a comparison of the models obtained.

2.4.1 Gas Turbine Engines

A gas turbine engine is made up of three basic components: a compressor, a combustion 

chamber and a turbine. Air is drawn into the engine inlet by the compressor, which 

compresses it and delivers it to the combustion chamber. The air is then mixed with fuel 

and the mixture is ignited, producing a rise in temperature and an expansion of gases. 

These gases are exhausted through the engine nozzle but first pass through the turbine, 

which is designed to extract sufficient energy from them to keep the compressor 

rotating, so that the engine is self sustaining. The engine efficiency is improved by 

increasing the overall compressor pressure ratio, which is achieved using a twin-spool 

design. The Rolls Royce Spey Mk202 engine tested in this work is an example of a 

twin-spool engine. Although it is no longer in service, for control purposes, the Spey 

possess the same characteristics as a modem engine such as the EJ200, which is used to 

power the Eurofighter (Dadd et al, 1996). A simplified diagram of a Spey engine is 

shown in Figure 2-7, where it can be seen that both the compressor and turbine are split 

into high pressure (HP) and low pressure (LP) stages. The HP turbine drives the HP 

compressor and the LP turbine drives the LP compressor. These are connected by 

concentric shafts, which rotate at different speeds, referred to as NH and NL . The two 

shaft speeds are the primary outputs of a gas turbine, from which the internal pressures 

and thrust can be calculated. The dynamic relationship between these shaft speeds and 

the engine fuel feed will be studied in the following.
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Figure 2-7. Simplified schematic of a Rolls Royce Spey engine.

Engine models are required both in development and operational stages of the life of a 

gas turbine. In the development stage the models can provide insights into the engine 

behaviour and allow the overall control system specification to be defined. The use of 

models in the operational stage of an engine's life is usually restricted to functions such 
as controller tuning, the training and familiarisation of pilots, condition monitoring and 

fault diagnosis (Zhang et al., 1994; Trave-Massuyes and Milne, 1997).

Early work by Fitchie et al. (1959) on turbojet engines indicated that the fuel feed to 
shaft speed dynamics of a twin shaft engine can be considered as first-order for the HP 

shaft and weakly second-order for the LP shaft. Later work by Jackson (1988) on 
linearised thermodynamic models of a Spey engine showed the same pattern but also 

indicated that the second-order LP shaft dynamics are more significant for this turbofan 

design. Recently Hill (1994) used time-domain techniques and Evans (1998) used 

specially designed multifrequency signals and frequency-domain techniques to estimate 

linear models for the engine, assessing the model uncertainties. Previous work has 

highlighted two sources responsible for the nonlinear behaviour of the engine. The first 

of these is the variation of the engine dynamics with the operating point and the second
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is the variation of dynamics due to thermal effects. More recently, NARMAX and 

neural network engine models which only consider the variation of the engine dynamics 

with the operating point were identified by Chiras et al. (2001b; 2001c; 2002b; 2002c) 

to represent the engine dynamics across the operating range.

Linear and nonlinear engine models presented in this thesis are based on the data 

gathered from the engine tests, which were conducted at the Glen sea-level test facility 

at the Defence Evaluation and Research Agency at Pyestock. A Rolls Royce Spey 

Mk202 engine was used, which is a typical military two-shaft turbofan, with a low by 

pass ratio and a variable reheat nozzle. The engine speed control was operated in open 

loop and a perturbed fuel demand signal was fed to the fuel feed system, which 

regulates the fuel flow to the engine by means of a stepper valve. The engine test 

facility is shown in Figure 2-8.

The tests conducted at Pyestock were focused on frequency-domain estimation of s- 

domain models. It was thus necessary to adhere to the band-limited (BL) assumption, 

which implies that the measured signals are band-limited before sampling, and then 

sampled at more than twice their highest frequency. An IRMLBS used in the tests was 

generated by a 7 bit shift register and had a fundamental of 0.0049 Hz and a sampling 

frequency of 20 Hz. The multisine signals used hi the tests are summarised in Table 2-1.

TABLE 2-1

MULTISINE SIGNALS USED IN THE TESTS

Signal Number of Fundamental Crest Sampling

harmonics frequency factor frequency

(Hz) (Hz)

Multisine (1)

Multisine (2)
general purpose (GP) Multisine

20(quasi-log)

56(odd)
27(odd-odd)

0.005

0.005
0.01

1.44

1.39
1.10

20
20
25
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Figure 2-8. Engine test facility. 

(Reproduced from Hill (1994), with permission.)

2.4.2 Linear Engine Modelling in Time Domain

Hill (1994; 1997) examined the time-domain identification of discrete engine models. 

Each of the second-order transfer function models estimated in this way contained a
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negative pole, which could not be transformed to the ^-domain to allow the comparison 

with the thermodynamic models. Evans (1998) addressed this problem and showed that 

this effect can be caused by the presence of a pure time delay shorter than the sampling 

period, or an actuator which band-limits the input signal and causes the ZOH 

assumption to be violated. It was shown that through simulation resampling at a 

frequency at least four times the original rate could reduce the errors due to the delay 

and the violation of the ZOH assumption. However as the sampling rate is increased, 

the numerical sensitivity deteriorates, due to the clustering of discrete poles and zeros 

around the point z = 1.

In this section discrete output error (OE) models estimated in the time domain for the 

available engine data will be presented. This data is based on multisine (1) tests at 

75%NH. The use of periodic signals allowed the SNRs to be improved by calculating the 

fast Fourier transform (FFT) of each data record, setting all nonexcited frequency lines 

to zero, calculating the inverse FFT and using these new data sets in the estimation.

The HP and LP shaft models estimated with the 20 harmonic multisine (1) at 75%NH 

are presented in Table 2-2. It can be seen that for the HP shaft the cost function drops 

with the 1/2 model but increases with the 2/3 model which has a negative pole at the 

unit circle which makes it a non-credible model. For the LP shaft the major drop in the 

cost function occurs with the 1/2 models and a further reduction of the cost function 

with 2/3 models suggests that these models should also be considered. The performance 

of the 1/2 model for the HP shaft and 2/3 model for the LP shaft are shown in the time- 

domain in Figure 2-9. It is seen that the estimated models can model the engine 

dynamics very well. The cross validation results using the IRMLBS data have similar 

zeros and poles as the results obtained using multisine (1) (Chiras, 2002a). Estimated 

discrete models remain valid if the models are required for simulation or controller 

design but it is not the best approach for validation of thermodynamic models.
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TABLE 2-2

TIME-DOMAIN ESTIMATION RESULTS FOR HP AND LP SHAFTS USING

MULTISINE(l)

Shaft Order

0/1

1/2

HP

2/3

0/1

1/2

LP

2/3

Cost Fn.

1.3617

0.6360

28.4138

8.2058

0.5249

0.1380

Zeros

—

0.8809

0.9853

0.6726

...

0.9337

0.9764

0.7659

Oz
(0/\\ /«)
—

0.0006

0.0112

0.2596

—

0.0352

0.0104

0.0766

Poles

0.9727

0.9746

0.8302

0.9871

0.9696

-1.0000

0.9633

0.9746

0.8567

0.9828

0.9528

-0.9919

Op
fo/ \(/o)

0.0025

0.0026

0.1097

0.0090

0.0077

0.1795

0.0108

0.0050

0.8960

0.0052

0.0117

0.3781

CL

< 0
Q.
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Figure 2-9. Discrete model output (solid) and measured engine output (dashed) for (a) 

1/2 model, HP shaft (b) 2/3 model, LP shaft.
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2.4.3 Linear Engine Modelling in Frequency Domain

The FRFs of the HP and LP shafts were estimated for each of the tests, using the EV 

estimator defined in equation (2-21) by Chiras (2002a). It showed that the FRF does not 

depend on the amplitude of the input signal and that the effect of nonlmearities for an 

amplitude up to ±\Q%Wf is minimal. It also shows that the dynamics of both shafts 

become faster and the steady-state gains of both shafts decrease, as the operating point 

increase. An even-order nonlinearity in the engine had been detected by Evans et al. 

(1999) using the coherence function defined in equation (2-38). At the same time there 

was no evidence for the existence for odd-order nonlinearities. These clearly shows that 

the engine is nonlinear.

The parametric frequency domain estimator discussed previously will also be employed 

to estimate transfer function models of the HP and LP shaft dynamics at different 

operating points. The parameters of estimated frequency domain models are obtained by 

minimising the cost function in equation (2-26). Where the noise variances and 

covariance calculated during the averaging of the frequency data will be used as a priori 

information and the time delay will be included as a free parameter in each estimation. 

The expected value of the estimator cost function varies as a function of the estimation 

frequencies and the number of free parameters, as defined in equation (2-28).

The results presented in this section are based on the multisine (1) and IRMLBS tests 

with input amplitude of ±\Q%Wf at different operating points. The variations of the cost 

function, zeros and poles with model order for the HP and LP shaft are shown in Tables 

2-3 and 2-4 respectively. It can be seen that both shaft poles, zeros and dc gains change 

with the operating point indicating that the engine is nonlinear and the major drop in the 

cost function occurs with the one zero, two pole (1/2) models for both shafts.
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TABLE 2-3 

ESTIMATION RESULTS FOR HP SHAFT AT DIFFERENT OPERATING POINTS

HP Shaft

55%Na

with odd
Multisine(l)

65%NH

with
IRMLBS

15%NH
with odd

Multisine(l)

S5%NH

with
IRMLBS

Order

0/1

1/2

0/1

1/2

0/1

1/2

0/1

1/2

K

96.1

37.09

96.28

53.05

739.4

29.66

552.1

87.03

Kmin DC gain

18

17

54

53

18

17

54

53

.5

.5

.5

.5

.5

.5

.5

.5

0

0.

0.

0.

0.

0.

0.

0.

.26096

257366

170403

179336

122747

126552

084858

088965

Delay
(ms)

64.93

39.39

19.17
21.27

2.953

10.42

-5.24

4.55

0%

3.27

12.3

8.65

8.11

19.1

6.39

10.4

16.1

Poles

-0.2538
-0.8970
-0.2717

-0.4134

-0.4226
-0.0485

-0.5512

-0.2440
-0.6159

-0.7480

-0.4181
-0.9267

o% Zeros

0.43

20.9 -0.9967
1.46

0.30

0.50 -0.0518
25.8
0.12

5.11 -0.2746
0.78

0.20

5.01 -0.528
1.96

0%

—

20.87

—

25.07

—

5.63

—

6.56

For the HP shaft, the large drop in the cost function between 0/1 and 1/2 models appears 
to contradict the very small improvement in the model frequency fit shown in Figure 2- 
10 for 75%NH. This is due to the fact that the noise variances appear in the denominator 
of the estimator cost function given in equation (2-26). This means that small values of 
noise variance will tend to increase the value of the cost function, making it more 
sensitive to small modelling errors. The close pole-zero pairs in the 1/2 models at 
different operating points are simply an indication of over-modelling and should be 

cancelled out. However, they may be highly correlated, such that they move together 
along the real axis, rather than cancel. They are also seen to model a real feature of the 

data in each case and the drop in the estimator cost function is very significant. They 

clearly model a localised low frequency dynamic.
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TABLE 2-4

ESTIMATION RESULTS FOR LP SHAFT AT DIFFERENT OPERATING POINTS

LP Shaft Order

55%NH 0/1

with odd 1/2
Multisine(l)

2/3

65%NH 0/1

with 1/2
IRMLBS

2/3

75%Afo 0/1
with odd 1/2

Multisine(l)
2/3

&5%NH 0/1

with 1/2
IRMLBS

2/3

K K^ DC gain Delay o% Poles
(ms)

110.9 18.5 0.195108 59.30 3.49 -0.2705

55.77 17.5 0.192502 37.85 10.4 -0.8350

-0.2907
48.11 16.5 0.191545 -4.801 573 -4.59

-0.27+0.061
-0.27-0.06i

2147 54.5 0.134446 -23.78 2.79 -0.4840

259.4 53.5 0.137963 7.587 13.9 -0.3675

-0.9669

85.46 52.5 0.14252 11.93 10.9 -0.0464

-1.3418

-0.4243

3139 18.5 0.091591 -84.1 1.23 -0.6949

92.08 17.5 0.095619 -4.66 44.6 -0.4461
-1.4982

23.25 16.5 0.097819 4.427 63.6 -0.1001
-0.5252
-1.8185

3555 54.5 0.060413 -49.35 1.49 -1.1817

96.87 53.5 0.065905 4.852 28.9 -0.5575
-2.2616

47.34 52.5 0.067243 12.31 16.7 -0.2457
0.8003
-2.7452

0%

0.41
18.7
1.54
36.2
11.2
11.2

0.14
1.12
2.74
13.5
4.5
1.14

0.19
1.22
2.20
17.7
2.38
3.95

0.25
1.64
1.64
13.0
5.76
4.06

Zeros

—

-0.9259

-6.59
-0.271

—

-0.6961

-0.0492
-1.0632

—

-0.8080

-0.1061
-1.0704

—

-0.9428

-0.2787
-1.4092

0%

—

18.4

66.4
22.9

—

3.51

13.4
4.93

—

2.69

18.0
4.67

—

2.50

14.7
6.65

The estimated models can be validated by cross-validation. This involves simulating the 

model on a different test data and comparing the model output with the measured data. 

A similar technique, is to estimate a model with a different data set and compare the two 

estimated models in terms of their zeros and poles. The estimated models at 15%NH
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were cross-validated using IRMLBS signal data. The results for which are shown in 
Table 2-5. It can be seen that the results obtained from the IRMLBS test show the same 
pattern as the results obtained from multisine (1) test. The major drop in the cost 
function occurs with the 1/2 model, having a dominant pole at -0.5927 and a close pole- 
zero pair near the origin.

(a) (b)
-15

O
2--2S
a

-35

-15

,-45

-90

0.2 
Freq (Hz)

(c)

0.4 0.2 
Freq (Hz)

0.4

a

-35

g"
a
i-45

-90

0.2 
Freq (Hz)

0.4 0.2 
Freq (Hz)

0.4

Figure 2-10. Amplitude and phase response of HP shaft models (solid) and FRFs 

(crosses), for model orders (a) 0/1 amplitude, (b) 0/1 phase, (c) 1/2 amplitude, (d) 1/2 

phase.

For the LP shaft, the large drop in the cost function between the 0/1 and 1/2 models 
shows that the dynamics are at least second-order. There is even a case for selecting 2/3 
model, though the drop in the cost function is not as significant as that for the 1/2 
model. Table 2-4 shows that the 2/3 model has a very close pole-zero pair near the 
origin. This close pole-zero pair is once again modelling a low frequency effect in a 
similar way to the pole-zero pair in the 1/2 model of the HP shaft. Figure 2-11 shows 
the amplitudes of the model frequency responses at 75%NH. It can be seen that 0/1 
model is unable to model the LP dynamics whereas the 1/2 and 2/3 models perform 
very well with their difference being indistinguishable. The above models at 75%NH
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were again cross-validated using the IRMLBS signal data. The results of which are 

shown in Table 2-5. There is again great similarity between the two sets of models. The 

low frequency pole-zero pairs are once again on the limits of modelling but there is a 

case for selecting the 2/3 model.
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Figure 2-11. Amplitude response of LP shaft models (solid) and FRFs (crosses), for 

model orders (a) 0/1, (b) 1/2 and (c) 2/3.

TABLE 2-5

VALIDATION RESULTS FOR HP AND LP SHAFTS AT OPERATING POINT OF

75%NH WITH IRMLBS TESTS

75% NH Order K K™

0/1 265.2 54.5

HP Shaft 1/2 99.87 53.5

0/1 4365 54.4

1/2 272.0 53.5

LP Shaft
2/3 93.3 52.5

DC gain Delay <j%
(ms)

0.122594 7.164 8.05

0.127526 10.38 6.17

0.089021 -4.14 1.67

0.095997 3.30 34.2

0.099271 9 15.5

Poles

-0.5601
-0.1768
-0.5927

-0.7672
-0.4511
-1.5442
-0.0351
-0.5113
-1.7837

o% Zeros

0.19
10.6 -0.1929

0.68

0.19
1.03 -0.8318
1.6

2.39 -0.0372

1.38 -1.0383
2.39

0%

—

10.9

—

2.17

13.76

3
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The estimated models show that the HP shaft dynamics are predominantly first-order 

for most of the operating range whereas the LP shaft dynamics are second-order. The 

model fits can be further improved by the addition of low frequency pole-zero pairs, 

which are thought to be modelling a fast heat soakage effect, such as a blade expansion 

(Evans, 1998).

Models of the HP and LP shafts estimated using frequency-domain techniques have a 

high degree of confidence and it is now possible to compare these with the 

thermodynamic models derived from the engine physics. The poles and zeros estimated 

using frequency-domain techniques are compared with those of the thermodynamic 

models shown in Figure 2-12 for both shafts. It can be seen that the estimated dominant 

HP shaft pole matches the low frequency pole of the thermodynamic model quite well 

at lower operating points and there is a small discrepancy between the estimated 

dominant pole and the lower frequency pole of the thermodynamic model at higher 

operating points. An addition discrepancy is also observed between the estimated pole- 

zero pair and the pole-zero pair of the thermodynamic models. For the LP shaft, the 

separation of the zero and poles of the thermodynamic models and the estimated 1/2 LP 

models is greater than that with the HP shaft, which suggests that the LP shaft dynamics 

is at least second-order. Comparing the estimated LP models with thermodynamic 

models, there is once again quite good agreement between the low-frequency poles at 

lower operating points. However the second pole of the estimated LP models is at a 

lower frequency than thermodynamic models for most of the operating range and the 

variation of the zero with shaft speed is very different to that of the thermodynamic 

models. It is clear from these results that the thermodynamic models are not adequately 

representing the dynamics of either shaft at higher operating points, and that the second- 

order dynamics of the LP shaft are also badly represented (Evans et al., 2001).
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Figure 2-12. Variation of engine models for (a) HP shaft and (b) LP shaft. Estimated 

models shown as poles (x) and zeros (o) and thermodynamic models as poles (solid) 

and zeros (dashed).

It must be stressed here that estimation of linear engine models involves the removal of 

the means of the data records. In order to compensate for this, a constant term needs to 

be added to the frequency domain models as follows

(2-62)

=Y — Y.sim
(2-63)

where Y is the mean of the measured engine outputs, Ysim is the mean of the linear 

engine model outputs, which is obtained by using the data with the mean removed from
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the data records applied to the estimated linear engine models. The compensated 

second-order linear engine models in the frequency domain for the HP shaft at different 

operating points are used for the engine control design and given below.

55% NH model

__0:063(,±0:997)_
(s + 0.897)(s+ 0.272) ^ l '

65% NH model

= 0.071(. + 0.0518) e-o.02 . 27 + 3Q 8121 
^V ' (s + 0.423)0 + 0.0485) V ' ^ '

75% AT/* model

= 0.06920 + 0.275) ^0.0,0^ + 42 6Q39 (2.66) 
' v '

85% ^//model

= 0.0653(^ + 0.528) e^^u(g} 541Q66 (2.67) 
^ ' W

2.4.4 NARMAX Engine Modelling

Prior knowledge through nonparametric data analysis suggests that the engine static 

nonlinearity can be approximated using a 2nd degree static polynomial with a constant 

term or a 3rd degree static polynomial without a constant term (Chiras, 2002a). It also 

showed that the results of using the geometric methods applied to the engine data
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indicate that the lag space defined by the dynamic orders «„ and ny is equal to 2. This is 

a priori information for the ERR test to estimate the NARMAX engine models.

The data used for the estimation of NARMAX engine models for the HP shaft in this 

thesis consists of a concatenated set of small-signal IRMLBS tests at different operating 

points shown in Figure 2-13. The selection of this data set is based on the fact that these 

signals contain sufficient frequency information to cover the engine bandwidth and 

represent the change of engine dynamics at different amplitudes. In addition, the 

influence of thermal effects on these tests is minimal, thus thermal effects are not 

incorporated in the data. Using the available priori information for the gas turbine, the 

maximum input lags nu and output lags ny were set to 2 and the maximum order of 

nonlinearity / was set to 2. Table 2-6 shows how the ERR algorithm applied to the HP 

shaft estimation data orders the candidate terms for the engine model.

400
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80

$70o.
<n

S 60

50

100 200 300 400 500 600 700 800 900 1000
Time (s)

(b)

100 200 300 400 500 600 700 800 900 1000
Time (s)

Figure 2-13. Concatenated data set used for estimation, (a) Measured fuel flow, (b) 

measured HP shaft speed.
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TABLE 2-6

RESULTS OF THE ERR TEST APPLIED TO THE HP SHAFT ESTIMATION DATA
nu=*ny=2 7=2

Terms ERR

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

y(t-l) 0.9999

X'-2) l.SOx

w(f-l) 1.67x

u(t - \)y(t - 2) 8.84x

io-7
io-7
io-7

constant 3.99xlO"9

y(t-V)y(t-2) 1.20x

y 2 (t-2) L12 x

y\t-Y) 2.82x

u(t - 2) 4.06x

u(t-V)u(t-2) 2.27 x

w(f-l)X'-l) 3.79x

u 2 (t-2) 2 - 99x

w(f-2).y(;-l) !- 15x

w(r-2)X^-2) 2.26x

u 2 (t-\) 2 -20x

10'8

io-7
io-7
io-9
io-9
io-10
io-10
io-9
lO'8

io-11

In order to select the most important terms to be included in the final engine model, the 

size of the model was increased by one term at a time according to the order achieved 

by the ERR test and the AIC statistical criterion in equation (2-54) was calculated on the 

validation data sets. The values of the AIC criterion computed for the four small-signal 

validation data sets are shown in Figure 2-14. It can be seen that five to eight terms are 

required to provide a good approximation of the engine dynamics. Running the
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estimator again leads to a final engine model with six terms and the results for the 

coefficients are shown in Table 2-7, along with the standard deviation of each term.
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Figure 2-14. AIC criterion versus the number of terms for the HP shaft, (a) Multisine 

(1) at 55% NH, (b) IRMLBS at 65% NH, (c) Multisine (1) at 75% NH and (b) IRMLBS at 

85% NH.

TABLE 2-7 

FINAL NARMAX ENGINE MODEL FOR THE HP SHAFT
nu=ny=2 1=2

Terms
3.2x10'* 

4.3 xlO"4 

9.0xlO'9 

1.6X10'11 

7.6xlO'3 

1.7xlO'8

y(t-2) 

u(t-\)

constant

0.72601

0.28859

6.6424x10'3

-3.3147x10

-0.72025
-2.5617x10"

'5
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In order to examine the performance of the estimated NARMAX engine model for the 

HP shaft, the cross-validation is carried out based on the validation data set, which 

consists of low-amplitude IRMLBS and multisine tests and high-amplitude tests such as 

three-level periodic tests and triangular wave tests. Figure 2-15 shows a comparison 

between the engine model outputs and the measured HP shaft outputs for these tests, 

where it can be seen that a very good match is achieved not only for the small signal 

tests at different operating points but also for the large signal tests. Another important 

test to assess the engine model performance is to examine its static behaviour at 

different operating points. The static behaviour of the engine model was therefore 

derived through simulation and was compared with the static behaviour of the engine 

derived from the measured data. It can be seen from Figure 2-16 that the estimated HP 

shaft model is capable of modelling the static behaviour of the engine throughout the 

operating range.
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Figure 2-15. Outputs of validation data sets for the HP shaft. Measured output (solid), 

NARMAX model output (dashed), (a) multisine (1) test at 55% NH, (b) IRMLBS test at 

65% NH, (c) multisine (1) test at 75% NH, (d) IRMLBS test at 85% NH, (e) three-level 

periodic test at 58-70% NH, (f) triangular wave + IRMLBS test at 65-85% NH.
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Figure 2-16. Static relationship between HP shaft speed and fuel flow (solid bars), 
NARMAX engine model (solid).

Table 2-8 shows the LP shaft model estimated using the previously employed 
methodology for the case where «„= ny = 2 with / = 3. The cross-validation results for 
low-amplitude IRMLBS and multisine tests and high-amplitude three-level periodic and 
triangular wave tests are shown in Figure 2-17. Figure 2-18 shows a comparison of the 
static characteristics of the estimated engine model with the static engine behaviour 
obtained from the measured engine data. It can be seen that the estimated LP shaft 
model is not only capable of representing the engine dynamics at both low and high 
amplitudes, but also able to approximate the static behaviour of the engine very well.

It can be concluded that the estimated NARMAX engine models with good dynamic 
and static approximation capabilities are suitable to replace the family of linear engine 
models previously estimated. The estimated NARMAX engine models can form basis 

for global nonlinear controller design in gas turbine engines.
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TABLE 2-8

FINAL NARMAX ENGINE MODEL FOR THE LP SHAFT
nu=ny=2 1=3

Terms 0, tr,

y(t-l)

«(/-!)

u(f-2)y\t-\)

y<t-2)

u(t-2)y(t-2)

« 2 (^-D

0.83059

8.5983X10"4

-2.4737X1Q-6

0.15455

1.0352X10"4

6.7018xlO'6

3.0xlO'y

5.2xlO'9

5.6xlO'16

2-OxlO-4

1.3X1Q-10

1.3xlO'12
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Figure 2-17. Outputs of validation data sets for the LP shaft. Measured output (solid), 
NARMAX model output (dashed), (a) multisine (1) test at 55% NH, (b) IRMLBS test at 
65% NH, (c) multisine (1) test at 75% NH, (d) IRMLBS test at 85% NH, (e) three-level 

periodic test at 58-70% NH, (f) triangular wave + IRMLBS test at 65-85% NH.
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Figure 2-18. Static relationship between LP shaft speed and fuel flow (solid bars), 
NARMAX engine model (solid).

2.4.5 Neural Network Engine Modelling

In order to estimate a neural network model for the engine, the NNARX model structure 
was selected for both HP and LP shaft models. The lag spaces were chosen according to 
a prior knowledge gained from geometric methods (Chiras, 2002a), so nu and ny were 
set equal to 2, and the delay was set to one sampling period since this provided the best 
results after trying different delays. In order to determine the number of hidden units 
required to achieve a parsimonious model for the engine, several neural networks of 
different sizes were trained and the one which minimises the mean square error (MSB) 
criterion of equation (2-59) on the validation data sets was selected as the final model.

A concatenated set of small signal IRMLBS tests covering an operating range between 
55-S5%NH shown in Figure 2-13 is used to estimate the neural network engine models 
for the HP shaft. Figure 2-19 shows the variation of the MSB evaluated at the four 
small-signal validation data sets, with the number of hidden units for different NNARX 
models trained on the HP shaft estimation data. It can be seen that a neural network with
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six hidden units is the one that minimises the MSB criterion on the validation data sets. 

The parameters of hidden layer and output layer of the NNARX engine model for the 

HP shaft are shown in Tables 2-9 and 2-10 respectively. The results of cross-validation 

for the HP shaft models are shown in Figure 2-20 for both small and large signal tests. 

In Figure 2-21 a comparison of the static behaviour of the NNARX engine model and 

the static behaviour of the engine derived from the measured data is made. It can be 

seen that the estimated NNARX engine model is capable of approximating both the 

dynamic and static behaviour of the HP shaft.

TABLE 2-9

PARAMETERS OF THE HIDDEN LAYER FOR THE HP SHAFT

Hidden units

1

2

3

4

5

6

XM)

0.0420

-0.0390

0.0549

-0.0652

0.0833

-0.0764

X'-2)

0.0437

0.0205

-0.0035

0.0964

0.0182

0.0406

«(M)

0.0061

-0.0003

0.0007

-0.0021

0.0072

-0.0014

«<f-2)

-0.0003

0.0013

0.0003

0.0018

0.0001

0.0007

1

-7.8594

0.6719

-2.8148

-2.4948

-9.4453

3.7990

TABLE 2-10

PARAMETERS OF THE OUTPUT LAYER FOR THE HP SHAFT

Hidden 
unit 1

5.1672

Hidden 
unit 2

-9.1499

Hidden 

unit 3

11.7741

Hidden 
unit 4

9.5434

Hidden 
unit5

-3.1727

Hidden 
Unit6

-14.8657

1

73.5738
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Figure 2-19. Ten different NNARX HP shaft models showing the sum of squares of the 

long-term prediction errors on validation data, (a) multisine (1) at 55% NH, (b) IRMLBS 

at 65% NH, (c) multisine (1) at 75% NH and (d) IRMLBS at 85% NH.

Figure 2-20. Outputs of validation data sets for the HP shaft. Measured output (solid), 

NNARX model output (dashed), (a) multisine (1) test at 55% NH, (b) IRMLBS test at 

65% NHl (c) multisine (1) test at 75% NH, (d) IRMLBS test at 85% NH, (e) three-level 

periodic test at 58-70% NH, (f) triangular wave + IRMLBS test at 65-85% NH.
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Figure 2-21. Static relationship between HP shaft speed and fuel flow (solid bars), 
NNARX engine model (solid).

Several neural network models were trained on the LP shaft estimation data using the 
previously employed methodology. A NNARX model with six hidden units was chosen 
as the final model for the engine since it provides the best compromise in performance 
on the validation data. The parameters of hidden layer and output layer of the NNARX 
engine model for the LP shaft are shown in Tables 2-11 and 2-12 respectively. The 
results of the cross-validation and the static behaviour test for the LP shaft model are 
illustrated as in the HP shaft case and are shown in Figures 2-22 and 2-23 respectively. 
It can be seen that the estimated NNARX engine model is capable of modelling both 
dynamic and static behaviour of the LP shaft for the gas turbine engine.
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TABLE 2-11 

PARAMETERS OF THE HIDDEN LAYER FOR THE LP SHAFT

Hidden units y(t- 1 )

1 -0.0421

2 0.0661

3 0.0083

4 -0.0841

5 -0.1115

6 0.1149

X>-2)

-0.0414

-0.0171

0.0511

0.0366

0.1125

-0.0673

"(M)

-0.0014

-0.0010

0.0005

-0.0021

-0.0003

-0.0007

u(t-2)

0.0018

0.0027

0.0007

0.0073

0.0027

0.0022

1

2.5827

-1.1900

-2.2441

0.5952

-1.0516

-2.9857

TABLE 2-12 

PARAMETERS OF THE OUTPUT LAYER FOR THE LP SHAFT

Hidden 

unit 1

Hidden 

unit 2

Hidden 

unit 3

Hidden 

unit 4

Hidden 

unit5

Hidden 

unit 6

2.6218 9.9188 6.6533 -7.1100 10.0655 9.1598 39.9874
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Time <s)

Figure 2-22. Outputs of validation data sets for the LP shaft. Measured output (solid), 

NNARX model output (dashed), (a) multisine (1) test at 55% NH, (b) IRMLBS test at 

65% NH, (c) multisine (1) test at 75% NH, (d) IRMLBS test at 85% NH, (e) three-level 

periodic test at 58-70% NH, (f) triangular wave + IRMLBS test at 65-85% NH.
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Figure 2-23. Static relationship between LP shaft speed and fuel flow (solid bars), 

NNARX engine model (solid).

It can be seen that both NARMAX and neural network engine models are capable of 
representing the engine dynamics for both small and large signal tests and can be used 
in the place of a family of linear engine models at different operating points. It also 
showed that the neural network engine model performs better than the NARMAX 
engine model for the small signal tests, however for large signal tests, the NARMAX 
engine model is better than the neural network engine model. Both NARMAX and 
neural network engine models can provide basis for global nonlinear controller design 

in gas turbine engines.

2.5 Conclusions

This chapter has served to introduce the modelling concepts and estimation techniques 

that are used to estimate linear and nonlinear models for the gas turbine engine. These 

models then form basis for linear and nonlinear controller design in gas turbine engines.
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A general discussion of linear modelling and time- and frequency-domain identification 

techniques has been presented. Each of the estimators discussed is an MLE if the 

disturbing noise is Gaussian. The most important criterion to select the model order in 

linear system identification is the behaviour of the cost function as the model order is 

increased. The advantages of periodic signals for continuous and discrete modelling 

have been presented and the properties of multisine and MLBS signals have been 

discussed. Since all physical systems are nonlinear, to a greater or lesser extent, 

nonlinear model representations are also introduced. Special attention was paid to 

polynomial N ARM AX and neural network structures. The polynomial NARMAX 

representation is considered to be a popular way of modelling nonlinear systems since it 

does not impose any restriction on the nature of system excitation, and the model is 

linear in the parameters. The orthogonal estimation algorithm is used for the parameter 

estimation and the error reduction ratio is used to select the most essential terms to be 

included in the NARMAX models. Neural network models also are examined in 

modelling gas turbines. The popularity of neural networks in system identification owes 

much to the fact that neural networks provide excellent approximation function. Only 

multilayer perceptron neural networks are considered in this thesis. Model cross- 

validation was carried out by using a validation data set which is different from the 

estimation data set in order to examine the ability of estimated models to represent the 

dynamics of the system under test.

This chapter has presented an overview of previous work done on the dynamic 

modelling of gas turbine engines. Discrete engine models were estimated in the time- 

domain and models with good input-output properties were obtained. However, there 

was the problem that for several of the estimated models for each shaft contained a 

single real negative pole. Such a pole has no continuous counterpart and therefore the 

models obtained cannot be compared to the poles of the s-domain thermodynamic 

models. In order to verify the existing thermodynamic engine models, the frequency- 

domain identification for the gas turbine has been presented. High quality models for 

each shaft at different operating points were estimated using the multisine data and their
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fit to the frequency data was illustrated. The results were cross-validated on an 

IRMLBS data set and the estimated models were found to be very similar. The 

estimated engine models show that the HP shaft dynamics are predominantly first order 

for most of the operating range whereas the LP shaft dynamics are second-order. 

Additional low frequency effects were detected on both shafts which could be modelled 

by the addition of a close pole-zero pair. Both shaft dynamics and dc gains change with 

the operating point indicating that the engine is nonlinear. A comparison of the 

estimated engine models with the thermodynamic models showed that the second-order 

dynamics of the LP shaft are badly represented by the thermodynamic models.

The proposed NARMAX identification scheme is used to estimate engine models for 

both the HP and LP shafts. The estimated engine models were validated using the 

measured engine data different from the estimation engine data and by comparing their 

static behaviour with the static behaviour of the engine derived from engine data. It was 

seen that the estimated engine models were able to represent the engine dynamics 

throughout the operating range for both shafts and thus can be used in place of the linear 

engine models. Several multilayer perceptron neural networks were trained on the 

estimation engine data. The models which minimised the criterion in equation (2-59) 

evaluated on the validation data were selected and their performance was demonstrated 

using the available validation data sets. The estimated HP and LP shaft models with six 

hidden units in the hidden layer and one linear output layer are shown to perform very 

well on the validation data sets and to be able to reproduce the static behaviour of the 

engine.

It can be concluded that linear engine models estimated in both time- and frequency- 

domain have excellent input-output properties at different operating points. However, in 

order to obtain a global engine model to cover its operating range, NARMAX and 

neural network engine models need to be used.



Chapter III

Optimal PID Controller Design for Gas Turbine Engines

Abstract — This chapter begins with a review of work previously conducted and 

provides a summary of future trends in the controller design for gas turbine engines. As 

one of the most widely used controllers, proportional-integral-derivative (PID) 

controller is firstly proposed to control the gas turbine engine. A methodology is 

presented to select the appropriate PID parameters, which is based on the previously 

estimated models considered in Chapter 2. A comparison is provided between the 

estimated controller parameters and the control performance, based on linear, 

NARMAX and neural network engine models, using performance indexes.

71
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3.1 Introduction

Gas turbines are now extensively used in aerospace, marine and industrial applications. 

With this increasing use in a diverse range of applications, designing of the controller 

for an optimal performance is an important consideration. The development of gas 

turbine control systems can be traced back to around 1940. The first gas turbine control 

system was purely hydromechanic. Beginning with 1950, more and more functionality 

was introduced into the control system and was implemented by complex 

hydromechanic system. With the development of small digital computers, starting 

around 1970, the complex functionality was implemented using the digital hardware 

with the corresponding software.

Proportional-integral-derivative (FED) controllers are still the most popular approach to 

control industrial processes in spite of continual advances in control theory (Astrom and 

Hagglund, 2001). The fact that more than 90% of all control loops are FID controllers is 

not only due to their simple structure but also due to their robustness for most industrial 

applications. Therefore historically FID controllers have been used to control the gas 

turbine. For a variety of reasons most process controllers are surprisingly poorly tuned. 

So tuning of FDD controllers is an important issue. A variety of FED controller tuning 

methods have been developed in the last 60 years, such as Ziegler-Nichols rule (Ziegler 

and Nichols, 1942), Ziegler-Nichols' complementary rule (Mantz and Tacconi, 1989), 

refined Ziegler-Nichols rule (Hang et al, 1991), some overshoot and no overshoot rule 

(Seborg et al., 1989), symmetric optimum rule (Voda and Landau, 1995) and so on. 

These methods are applied directly since they provide simple tuning rules to determine 

the FID parameters. However, since they rely on a minimum amount of dynamic 

information, the realised closed loop response is less than optimal.

This chapter begins with a brief overview of the gas turbine control history and current 

trends. It then considers the tuning of the FID controller for an optimal response of the
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gas turbine dynamics. The PID parameters are obtained using three performance 

indexes, integral of the squared error (ISE) (Zhuang and Atherton, 1993), integral of 

the absolute error (IAE) and integral of the time-weighted absolute error (ITAE) 

(Pessen, 1994) based on previously estimated linear, NARMAX and neural network 

engine models. The control performance using three different performance indexes and 

three different models is examined and compared.

3.2 Gas Turbine Control

Gas turbines have stable dynamics except in the case when they malfunction. Therefore, 

it would be theoretically possible to control a simple gas turbine manually without the 

aid of a dedicated control system. The pilots would have to directly set the fuel flow by 

moving the power lever. With the development of technology, engines have more 

manipulated variables, such as fuel flow, variable inlet guide vanes, blow-off valve and 

variable reheat nozzle. The aircraft is also getting bigger and bigger, requiring more 

engine power. This is realised by increasing the number of engines on an aircraft. 

Moreover the fuel flow necessary to drive the engines at the spool speed limits in high 

altitudes is only a small fraction of the fuel flow needed for the same spool speed at 

ground level. Therefore the pilots would have to manually check all engine-operating 

limits and set the manipulated variables accordingly without the aid of a control system. 

To reduce this dependence on pilots, some early gas turbines built around 1940 already 

featured simply control systems (Kreiner and Lietzau, 2003).

The first gas turbine control systems were purely hydromechanic. Beginning with 1950, 

more and more functionality was introduced into the control system. The functionality 

was implemented by introducing complex hydromechanic systems. The control systems 

featured loops to prevent engine overspeeds and prevent compressor surge, either by 

scheduling the fuel flow during accelerations and decelerations or by controlling the 

acceleration and deceleration rates of the engine shafts. Due to the multitude of different 

mechanical and hydraulic components, the hydromechanic control systems often require
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relatively high maintenance effort. With the development of small digital computers, 

starting around 1970, using the digital hardware with the corresponding software, 

complex functions that could not be implemented using hydromechanic systems were 

implemented. Another advantage of digital engine control is the reduced maintenance 

effort, such as less complex structures, less moving parts and also easily co-operating 

diagnosis features to inform the computer systems about component failures. When the 

digital control was firstly introduced to control gas turbine engines, only very specific 

functions were implemented digitally, the main control loops were still hydromechanic. 

As time progressed and with increased confidence in the technology, more functions 

were transferred into the digital part of the control system, until the full authority digital 

engine control (FADEC) was introduced in the early 1980s (Kreiner and Lietzau, 2003). 

However, some safety functions and subsidiary control parts like the fuel metering unit 

still feature hydromechanic controls.

Despite the fact that almost all modern gas turbines feature FADEC systems, the 

underlying control laws are still relatively simple from a control theory point of view. 

With increased engine complexity, it becomes more important to take interactions 

between the different engine systems and subsystems such as core engine, reheat and air 

intake into account. Therefore more complex modern control techniques are needed to 

provide a better solution to this problem.

More and more researchers are applying modern control theories to gas turbines. This 

includes the application of linear quadratic Gaussian regulator (LQG) theory combined 

with loop transfer recovery (LTR) (Feng et al, 2000), the application of robust control 

(H-infmity) theory (Postlethwaite et al., 1995; Harefors, 1997; Adibhatla et al., 1998), 

fuzzy logic (Garassino and Bois, 1996), adaptive one-step-ahead control (Dambrosio et 

al., 2000) and model reference control (Van Essen and De Lange, 2001). Another main 

research area lies in the higher integration of the flight control system and the engine 

control systems, especially for enhanced emergency operations (Rysdyk et al., 2000).
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Different requirements have to be fulfilled by modern engine control systems. These 

can be categorised as follows (Kreiner and Lietzau, 2003):

Unburden the pilot of any engine specific control and ensure engine variables are 

within their limits. The engine control system has to provide the thrust demanded by the 

pilot regardless of environmental disturbances and of changed engine health parameters, 

such as fan efficiency, low-pressure and high-pressure turbine efficiency. At the same 

time, the control system must keep all engine variables, such as pressures, temperatures 

and shaft speeds within predefined limits.

Minimise engine fuel consumption and maximise thrust and engine life. These goals 

can be contradictory and depend on the aircraft mission. For commercial engines, the 

life of the engine components and the fuel consumption of the engine are most 

important. However the engine has to provide the demanded thrust. During transient 

regimes, it is possible to find a trade-off between fuel consumption, acceleration time 

and engine life. A trade-off in steady state regimes is usually only possible if the engine 

has controllable variables other than fuel flow, such as a variable nozzle area.

Follow the commands of the pilot as fast as possible. The controlled engine should 

follow a demanded thrust change as fast as possible. This is extremely important in case 

of emergencies like touch-and-go maneuvers. The aircraft manufacturer usually defines 

further important control requirements, like the maximum allowable thrust overshoot or 

the maximum allowable steady state thrust error.

Safe and reliable operation in all operating conditions. The engine control system has 

to ensure safe and reliable engine operation regardless of current operating condition 

and ambient conditions. This includes the automatic observance of all relevant engine 

operating limits, such as shaft speeds, pressures, temperatures and compressor surge 

margins.
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In this thesis, only the real engine data between the fuel flow and the shaft speeds (NH 

and NL) is available, which results in a one-input and two-output model. The previously 

estimated linear, NARMAX and neural network engine models are used to model the 

dynamic relationship between the fuel flow and the shaft speeds (NH and NL) for a 

specific gas turbine. The arrangement to control the HP shaft speed will be considered 

in this thesis and is shown in Figure 3-1. Other control variables are not considered in 

this thesis, due to the unavailability of data, and consequently the absence of reliable 

models. However, since the performance of the gas turbine is primarily dependent on 

the shaft speed of the engine, which is a function of the fuel feed, this is not a major 

drawback to the work presented in this thesis. The engine throttle gives the operating set 

point required, and the controller input is the error signal generated between the 

operating set point and the shaft speed. An engine surge can cause a violent breakdown 

of airflow within the compressor, with the hot high-pressure gases in the engine core 

reversing their direction of motion and surging backwards through the compressor. If 

the cycle is repeated, there is a major risk of mechanical damage to the engine. In order 

to prevent this, a rate limiter is used. For the particular engine tested, the rising slew rate 

of the rate limiter is 40cc/s2 and the falling slew rate is -40cc/s2 . Furthermore due to the 

limit on the fuel feed, saturation occurs at 440cc/s.

PID
Controller

Fuel Injection System

Measured Engine Speed Fuel Flow M,(r)

Figure 3-1. The control arrangement for the gas turbine engine.
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The control requirements are that the engine can follow the commands of the pilots as 

fast as possible. This requires a fast response time, minimum overshoot and minimum 

steady state error. It must be stressed here that the engine thrust and power are related to 

the shaft speed, thus oscillation in the engine output will cause the engine power to 

oscillate and create difficulty for the pilots. Because the poles, zeros and dc gains of 

linear engine models change with the operating point, these clearly show that the gas 

turbine is nonlinear. Moreover, additional nonlinearity is introduced by the rate limiter 

and saturation. Therefore one set of FED parameters will not provide an optimal control 

performance across the operating range. To implement an optimal control strategy, the 

well-known nonlinear control technique - gain scheduling PID controller (Ho et al., 

1998) will be used to control the gas turbine at different operating ranges. The 

simplicity of the design makes it highly practical and implementable.

3.3 PID Controller Design Using Linear Engine Models

Because the rate limiter and saturation on the fuel feed are nonlinear elements, the 

analysis of the system response using linear ^-domain models is not easily carried out. 

This has to be done through simulation. Tuning of PID parameters was performed by 

minimising one of the performance indexes for the system shown in Figure 3-1 using a 

nonlinear minimisation routine available in MATLAB (Grace, 2000).

3.3.1 Proposed Controller Design Method

The transfer function of a PID controller expressed in the j-domain is:

p (3-D 
E s

where Kp is the proportional gain, K, is the integral gain and Kd is the derivative gain. To 

obtain an optimal control performance, three different performance indexes used for 

selecting the PID parameters are expressed in the continuous time domain as follows:
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Integral of the Squared Error (ISE)

» (3-2)
/=o

where r(t) is the desired set point, y(t) is the HP shaft speed (%W//) and Tc is the time 

period used for evaluating the performance index.

Integral of the Absolute Error (IAE)

(3-3) 
<=o

Integral of the Time-weighted Absolute Error (ITAE)

(3-4)
f=0

The ISE criterion tends to place a greater penalty on large errors than the IAE and ITAE 

criteria. The ITAE criterion penalises errors that persist for long periods of time. In 

general, ITAE is the preferred integral error criterion since it results in the most 

conservative controller settings (Lopez et al., 1967).

Using the linear engine models given in equations (2-64) to (2-67) and simulating the 

system with the rate limiter and the saturation constraints in Figure 3-1, the optimal PID 

parameters are obtained by minimising any performance index defined in equations (3- 

2) to (3-4). The tuning of the controllers and the evaluation of the minimum 

performance indexes are done using a nonlinear minimisation routine written by Grace 

(2000) in MATLAB. The parameter search spaces for Kp, Kt are in the range between 0 

and 100 and for Kj in the range between 0 and 20.
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3.3.2 Controller Tuning Using Linear Engine Models

The optimal search using the proposed methods for the derivative parameters Kd 

resulted in zero. The optimal PID parameters obtained are shown in Table 3-1.

TABLE 3-1

OPTIMAL FED PARAMETERS OBTAINED AT DIFFERENT OPERATING 

RANGES USING LINEAR ENGINE MODELS

Step change

52-57

(%NH)

62-67

(%NH)

72-77

(%NH)

82-87
(%NH)

Index

ITAE
IAE
ISE

ITAE
IAE
ISE

ITAE
IAE
ISE

ITAE
IAE
ISE

Kp

22.75
22.80
23.55

28.75
27.04
29.01

34.59
33.28
34.00

45.41
44.87
45.00

K,

2.73
2.74
2.74

4.11
4.20
4.21

5.38
5.47
5.58
7.01
7.06
7.16

Kd

0
0
0

0
0
0

0
0
0

0
0
0

Min. index

6.33
7.26

27.58

10.21
7.19

26.64
7.69
7.43

27.75

8.13
8.06

30.13

The step responses for the different operating ranges using PID controllers derived from 

three different performance indexes are shown in Figures 3-2 and 3-3. It can be seen 

that the responses of the system are acceptable whichever performance index was used 

although the ISE index gave controller parameters that resulted in a little more 

overshoot. All the performance indexes gave similar controller parameters and 

consequently similar time response profiles. The responses of the fuel feed for the
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different operating ranges are shown in Figure 3-4 using the ITAE indexes. It shows 

that the percentage increase in the fuel feed increases as the set point is increased. This 

demonstrates the nonlinear characteristics of the fuel feed system. When the respective 

average value of Kp and Kt used in gain scheduling is applied to the linear engine 

models at different operating ranges, the step responses shown in Figure 3-5 have some 

overshoot in the low operating ranges, however in the high operating ranges they are 

overdamped. The results indicate that gain scheduling is essential for the optimal 

control of the gas turbine. The step responses also show that the PI controllers are 

adequate to control the gas turbine for the ranges examined.
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Figure 3-2. The step responses at the different operating ranges using the ITAE (solid), 

IAE (dashdot) and ISE (dashed) indexes, (a) large range of 52-57% NH, (b) small range 

of 52-57% NH, (c) large range of 62-67% NH, (d) small range of 62-67% Na.
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Figure 3-3. The step responses at the different operating ranges using the ITAE (solid), 

IAE (dashdot) and ISE (dashed) indexes, (a) large range of 72-77% NH, (b) small range 

of72-77% NH, (c) large range of 82-87% NH, (d) small range of 82-87% NH.
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Figure 3-4. The responses of the fuel feed at the different operating ranges using the 

ITAE indexes, (a) 52-57% NH step change, (b) 62-67% NH step change, (c) 72-77% NH 

step change, (d) 82-87% NH step change.
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Figure 3-5. The step responses at the different operating ranges using the average PID 
parameters (Kp = 32.88, Kt = 4.81, Kd = 0) in the gain scheduling PID controller using 
the ITAE indexes, (a) 52-57% NH step change, (b) 62-67% NH step change, (c) 72-77% 
NH step change, (d) 82-87% NH step change.

3.4 PID Controller Design Using NARMAX Engine Model

The control configuration used with the global nonlinear NARMAX engine model is 
similar to that used with the linear engine models, which is as shown in Figure 3-1. The 
only difference is that the engine is now represented by the global NARMAX model. 
The step responses using three different performance indexes based on the linear engine 
models indicate that all of the step responses are acceptable except for the ISE that gives 
a little more overshoot than that using the IAE and ITAE. So only the ITAE 
performance index is used in the controller design based on the NARMAX engine 
model. Because of the nonlinearity of the gas turbine and the rate limiter and the 
saturation constraints on the fuel feed, the gain-scheduling PID controller is used again 

to obtain an optimal control performance for the gas turbine engine.
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3.4.1 Proposed Controller Design Method

Since the NARMAX engine model is a nonlinear discrete model, the discrete Pro 

controller is tuned and used to control the gas turbine engine. Tuning of the PID 

controller was performed by minimising the ITAE performance index using a recursive 

methodology and a nonlinear minimisation routine. The equations used for evaluating 

the discrete Pro controller are as follows:

(3-5)

(3-6)
1=0

where r(f) is the desired set point and y(i) is the HP shaft speed (%NH), Kp, KI, Kj are the 

Pro gain terms respectively, T is the sampling time (0.05s) and N is the number of 

samples, u\(f) represents the output of the controller at the sampling point t. Considering 

the slew rates of the rate limiter, the output of the rate limiter u2(t) is given by

«2 (0 =

if 

if

>40

(3-7)

and the saturation block output w3(t) is calculated by

440 if w 2 (0>440
M 2 (0 if 0<M2 (0^440
0 if w2 (0<0

(3-8)
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The previously estimated NARMAX engine model is used to predict the engine output 

and defined as

XO = 0.7206X* -1) + 0.2885X' - 2) + 0.0066w3 (t - 1)

-3.31xlO-5 «3 (f-l)X'-2)-0.7202-2.56xlO-4 X'-l)X'-2)

The ITAE performance index in the discrete form is expressed as follows:

(3-10)
(=0

Thus the optimal PID parameters are obtained by minimising the ITAE performance 

index through solving equations (3-5) to (3-10) recursively.

3.4.2 Controller Tuning Using NARMAX Engine Model

Initially, one PID controller was obtained, based on the NARMAX engine model and a 

step change from 52%Nu to 87%/V//. The optimal PID parameters are shown in Table 3- 

2 and the resulted step response is shown in Figure 3-6, where it can be seen that a fast 

rise time (5.23s) is achieved, with almost no overshoot (note that this response covers a 

wide range of engine speeds). In contrast, if the same controller was used on inputs of 

smaller amplitudes as shown in Figure 3-7, the responses (dashdot) are overdamped, 

especially at higher speeds. This is due to the fact that the PID controller is a linear 

controller. It is thus not capable of dealing optimally with a nonlinear constrained 

system across its operating range. The gain-scheduling PID controller is then proposed 

to control the gas turbine engine. The PID parameters are recalculated and shown in 

Table 3-2 using small-amplitude step inputs, to cover the engine operating range in 

which the data used for the estimation and validation are available. Where it can be seen 

that the optimisation search resulted in Kd being driven to zero and the values of both Kp 

and KJ increase with higher range. The step responses are shown in Figure (3-7) (solid),



3.4 PID Controller Design Using NARMAX Engine Model 85

where it can be seen that for each range there is nearly no overshoot, and the response 

time is fast. Figure 3-8 shows the engine fuel feed when using the gain-scheduling PID 

controller derived from the NARMAX engine model.

TABLE 3-2

OPTIMAL PID PARAMETERS OBTAINED AT DIFFERENT OPERATING 

RANGES USING THE NARMAX ENGINE MODEL

Step change

<%Afo)

52-57

62-67

72-77

82-87

52-87

Of

x"
z
•o*

g. 69.5 
w

52
C

KP K, Kd

23.44 2.85 0

25.27 3.96 0

29.77 5.20 0

33.09 6.55 0

21.74 1.60 0

Step Response

/

/
/
) 20 4 

Time(s)

Min. ITAE

indexes

4.83

5.40

6.16

7.21

372.01

0

Figure 3-6. Engine step response for the 52%NH - S1%NH step change using the 

NARMAX engine model. Set point (dotted) and PID controller (solid).
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Figure 3-7. Local step responses at different operating ranges using the NARMAX 

engine model. Set point (dotted), gain-scheduling PID controller (solid) and one PID 

controller (dashdot). (a) 52-57% NH step change, (b) 62-67% NH step change, (c) 72- 

77% NH step change, (d) 82-87% NH step change.
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Figure 3-8. The responses of the fuel feed at the different operating ranges using the 

gain-scheduling PID controller derived from the NARMAX engine model, (a) 52-57% 

NH step change, (b) 62-67% NH step change, (c) 72-77% NH step change, (d) 82-87% NH 

step change.
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A comparison of the step responses obtained using a single PID controller with the step 
responses obtained using the gain-scheduling PID controller is shown in Figure 3-7. It 
illustrates that the gain-scheduling PID controller performs better than a single 
controller at the different operating ranges. Almost all step responses obtained by the 
gain-scheduling PID controller are critically damped and have a fast rise time, as shown 
in Table 3-3. Figure 3-7 also demonstrates that for the range examined, PI controllers 
provided adequate control performance. The results indicate that the gain-scheduling 
PID controller is essential for optimal engine control.

TABLE 3-3 
PID CONTROL PERFORMANCE USING THE NARMAX ENGINE MODEL

Step change
(%NH)
52-57
62-67
72-77
82-87

Gain scheduling

Rise time (s)

1.43
1.51
1.61
1.76

PID controller

Overshoot (%)

0.034
0.04
0.28
0.03

Single PID
Rise time (s)

1.73
5.53
13.59
21.54

controller

Overshoot (%)

Overdamped
Overdamped
Overdamped
Overdamped

3.5 PID Controller Design Using Neural Network Engine Model

The control arrangement based on the neural network engine model is similar to those 
used in the control design based on linear and NARMAX engine models, which is 
shown in Figure 3-1. The rate limiter and saturation constraints are also needed and 
have the same parameters as those used for the PID controller design using linear and 
NARMAX engine models. The ITAE performance index is used in the selection of the 
optimal PID parameters. The gain-scheduling PID controller is used again to obtain an 

optimal control performance for the gas turbine engine.
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3.5.1 Proposed Controller Design Method

The method of tuning the PID parameters based on the neural network engine model is 

similar to that used in the control design based on the NARMAX engine model. The 

only difference is that the neural network engine model is used instead of the 

NARMAX engine model in equation (3-9). The previously estimated neural network 

engine model for the HP shaft with six hidden units and one linear output layer is 

defined as

j0 + W0 (3-11) 
*=1

where w# and WJQ are the weights and biases of the hidden layer shown in Table 2-9, Wj 

and WQ are the weights and biases of the output layer shown in Table 2-10, <pt (t) are

the output and input lag terms. nh denotes the number of the hidden units in one hidden 

layer and ny is the total number of the output and input lag terms. Following the same

procedure, tuning of the Pro controller was performed by minimising the ITAE index 

using a recursive methodology and a nonlinear minimisation routine.

3.5.2 Controller Tuning Using Neural Network Engine Model

Initially, a single Pro controller was obtained based on the neural network engine 

model and a 52% to S7%NH step change. The optimal Pro parameters are shown in 

Table 3-4 and the step response of the controlled engine is shown in Figure 3-9. The 

performance of this single Pro controller at different operating ranges is shown in 

Figure 3-10 (dashdot), where it is demonstrated once more that a single linear controller 

is not capable of achieving an optimal control performance across the operating range. 

The gain-scheduling Pro controller is thus again employed to control the gas turbine 

engine. The optimal Pro parameters using the gain-scheduling PID controller are shown
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in Table 3-4. It is again seen that both Kp and K, vary with the operating point. Table 3- 

5 and Figure 3-10 (solid) show that the step responses using the gain-scheduling PID 

controller not only have a fast rise time, but also are critically damped. Engine fuel feed 

using the gain-scheduling PID controller derived from the neural network engine model 

is shown in Figure 3-11. Therefore, it can be concluded that the gain-scheduling PID 

controller is essential in order to obtain the optimal control of the gas turbine engine. 

The results also suggest that a PI controller is adequate over the range examined.

TABLE 3-4

OPTIMAL PID PARAMETERS OBTAINED AT DIFFERENT OPERATING 

RANGES USING THE NEURAL NETWORK ENGINE MODEL

Step change 

(%Afc)
52-57

62-67
72-77
82-87
52-87

Kp

22.56
23.65

28.62
39.20
25.61

Kt

2.35
4.94
5.66
7.62
1.68

Kd

0
0
0
0
0

Min. ITAE 
indexes

5.95
5.86
5.84
7.34

364.01

TABLE 3-5

Pro CONTROL PERFORMANCE USING THE NEURAL NETWORK ENGINE

MODEL

Step change

(%NH)
52-57

62-67

72-77

82-87

Gain scheduling

Rise time (s)

1.53

1.48

1.60

1.82

PID controller

Overshoot (%)

0

0
0.04

0.02

Single PID

Rise time (s)

1.54

11.11

13.97

24.46

controller

Overshoot (%)

Overdamped

Overdamped

Overdamped

Overdamped
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Figure 3-9. Engine step response for the 52%JV// - 87%7V// step change using the neural 
network engine model. Set point (dotted) and PID controller (solid).
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Figure 3-10. Local step responses at different operating ranges using the neural network 

engine model. Set point (dotted), gain-scheduling PID controllers (solid) and one PID 

controller (dashdot). (a) 52-57% NH step change, (b) 62-67% NH step change, (c) 72- 

77% NH step change, (d) 82-87% NH step change.
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Figure 3-11. The responses of the fuel feed at the different operating ranges using the 
gain-scheduling FDD controller derived from the neural network engine model, (a) 52- 
57% NH step change, (b) 62-67% NH step change, (c) 72-77% NH step change, (d) 82- 
87% NH step change.

3.6 Comparison of Three Different Controller Designs

The results obtained show that one set of PID controller parameters does not produce an 
optimal control performance across the operating range because of the nonlinearity of 
the gas turbine and the rate limiter and saturation constraints on the fuel feed. It is thus 
necessary to use a gain-scheduling PID controller in order to obtain an optimal engine 
control performance. The parameters of the gain-scheduling PID controller are found to 
be very similar for both linear, NARMAX and neural network engine models. The 
optimal search values of Kj resulted in a zero, and K;, and K, are again seen to be 
increasing with higher operating range.

Figures 3-12 and 3-13 compare the difference between three controller designs. Here, 
the gain-scheduling PID controllers derived from three different models were used to 
control the NARMAX engine model. It can be again seen as the results in Table 3-6
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suggest that the responses are generally acceptable whichever controller was used. 

Table 3-7 shows that the ITAE indexes are higher when the gain-scheduling PID 

controllers derived from linear and neural network (NNARX) engine models are used to 

control the NARMAX engine model compared with the indexes obtained using the 

model itself. This of course is an expected result since it is recognised that the three 

engine models exhibit different dynamic behaviour. The important result is that this 

behaviour is very similar, and that the gain-scheduling PID controllers obtained based 

on the three different models have adequate performance, as demonstrated in Figures 3- 

12 and 3-13.
TABLE 3-6

PERFORMANCE OF THE GAIN-SCHEDULING PID DERIVED FROM THREE 

DIFFERENT ENGINE MODELS WHEN APPLIED TO NARMAX ENGINE MODEL

Step change 

(%Afo)

52-57

62-67
72-77
82-87

Linear

1.46

1.47
1.57
1.70

Rise time (s)

NARMAX

1.53

1.48

1.60
1.82

NNARX

1.48

1.49
1.59
1.71

Linear

Over-
damped

4.5
4.1
6.5

Overshoot (%)

NARMAX

0

0
0.04
0.02

1
NNARX

Over-
damped

4
2

6.4

TABLE 3-7

ITAE INDEXES USING THE GAIN-SCHEDULING PID DERIVED FROM THREE 

DIFFERENT ENGINE MODELS WHEN APPLIED TO NARMAX ENGINE MODEL

Step change ITAE

Linear NARMAX NNARX

52-57 

62-67 

72-77 

82-87

7.10

5.86

7.01

10.11

5.95

5.86
5.84

7.34

20.25

16.39
11.04

15.68
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Figure 3-12. The step responses at the different operating ranges using the gain- 
scheduling PID parameters derived from linear (dashed), NARMAX (linear) and 
NNARX (dashdot) engine models applied to the NARMAX engine model, set point 
(dotted), (a) large range of 52-57%NH, (b) small range of 52-57%/V//, (c) large range of 
62-61%NH, (d) small range of62-67%NH.
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Figure 3-13. The step responses at the different operating ranges using the gain- 
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3.7 Conclusions

A great deal of work has been conducted on the control of gas turbines, an overview of 

which has been presented in this chapter. Early work on the gas turbine control was 

purely hydromechanic. Later work was based on complex hydromechanic systems. 

Recent development in small digital computers has made it possible to implement 

complex functions using digital hardware and appropriate software. Digital engine 

control has less complex structures, less moving parts and also easily co-operating 

diagnosis features to inform the computer systems about component failures, thus 

reducing the maintenance effort.

PID controllers are still the most popular approach to control industrial processes in 

spite of continual advances in control theory. Therefore PID controllers are initially 

proposed to control the gas turbine engine. For a variety of reasons most process 

controllers are surprisingly poorly tuned. In order to overcome this problem, model 

based PID controller tuning techniques were proposed. Based on previously estimated 

linear, NARMAX and neural network engine models, several control design methods 

were proposed using the ITAE, LAE and ISE performance indexes. It is shown that the 

use of these indexes gives good performance except that the ISE index gives a little 

more overshoot. The work presented here has demonstrated that one set of PID 

controller parameters does not provide an optimal control performance across the 

operating range because of the nonlinearity of the gas turbine and the rate limiter and 

saturation constraints on the fuel feed. It was thus necessary to use the gain-scheduling 

PID controller to achieve an optimal control performance. All of the estimated gain- 

scheduling PID parameters based on the three different engine models are very similar 

and give adequate performance across the operating range. When the gain-scheduling 

PID controllers derived from linear and neural network engine models were used to 

control the NARMAX engine model, it can be seen that the step responses were 

generally acceptable, although they are slightly less optimal than that using the 

NARMAX engine model itself. This of course is as expected since the three different
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engine models have different structures, but still represent similar dynamics. The 

important result is that the overall performance in each case is very similar, and that the 

designed gain-scheduling PID controllers based on the three different engine models 

have adequate control performance.

It was finally concluded that whichever model was used, the gain-scheduling PID 

controller is essential to achieve an optimal control performance for the gas turbine 

engine.



Chapter IV

Gas Turbine Control Using Approximate Model Predictive

Control

Abstract — This chapter presents a global controller design for the gas turbine engine 

using model predictive control techniques. Special emphasis is paid to the approximate 

model predictive control (AMPC), which uses instantaneous linearisation of nonlinear 

engine models incorporating the generalised predictive control (GPC). The algorithms 

used for AMPC with both hard and soft constraints are presented. The proposed AMPC 

is then employed to control the gas turbine engine throughout the operating range. The 

control performance of the gas turbine engine using AMPC is demonstrated using a 

range of small, large, random signal and disturbance tests and by comparing their 

performance with the gain-scheduling PID controller.

96
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4.1 Introduction

Model predictive control (MFC) has been introduced mainly to deal with processes with 

complex dynamics (Rusnak et al., 1996) and is now one of the most widely used 

advanced control methods in the process control industry. The technique was initiated 

and developed within industry, principally by engineers at Shell Oil, in the early 1970s. 

Now, about 30 years later, the method is reaching maturity with a thorough analytical 

basis and a record of successful applications (Mahfouf et al., 1997; Unbehauen and 

Kramer, 1997; Schenker and Agarwal, 1998; Potocnik and Grabec, 2002). Qin and 

Badgwell (1997) stated that the total number of reported applications is greater than 

2200 and is accelerating now. Several commercial companies currently offer software 

products for implementation of model predictive control, such as MDC (SMOC), 

Predictive Control-Invensys (Connoisseur), Aspen Tech (DMCplus) and Honeywell 

(RMPCT).

MFC denotes a broad range of control strategies, which uses a model to predict future 

process behaviour and calculate the control trajectory through the optimisation of an 

objective function within the specified horizon. An important advantage of this type of 

control is its ability to cope with input and output constraints, time delays, non- 

minimum phase behaviour and multivariable systems (Temeng et al., 1995). In general, 

there are two kinds of model predictive control techniques: linear and nonlinear. Linear 

model predictive control (LMPC) is simple and carries less of a computational burden. 

It is more suitable for processes that are only slightly nonlinear. However, strong 

nonlinearities are characteristics of many industrial processes and for such processes 

nonlinear model predictive control (NMPC) must be applied in order to provide a 

satisfactory control performance.

Since the poles, zeros and dc gains of the gas turbine engine change with the operating 

point, this clearly shows that the gas turbine is nonlinear. Moreover the nonlinear 

elements, the rate limiter and the saturation, are on the fuel feed. NMPC provided a
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possible solution to this control problem. This is an alternative to a gain-scheduling PID 

strategy. However, NMPC involves a complex nonlinear programming problem, thus 

requiring more computational time. The need is apparent to use a simple model 

predictive control method. The proposed AMPC is based on instantaneous linearisation 

of a nonlinear model at each sampling instant, thus enabling the application of linear 

model predictive control techniques. A large number of LMPC implementation 

algorithms have appeared in the literature, including generalised predictive control 

(Clarke et al., 1987a; 1987b; Grimble, 1998), dynamic matrix control (Cutler and 
Ramaker, 1980), extended prediction self-adaptive control (Keyser and Van 

Cauwenberghe, 1985), predictive functional control (Richalet et al., 1987), unified 

predictive control (Soeterboek, 1992) and so on. All types of LMPC have been 

successfully used in a lot of industries. In this thesis only generalised predictive control 
(GPC) proposed by Clarke et al. (1987a; 1987b) will be used in AMPC to control the 

gas turbine engine. Two ways are considered to deal with the fuel feed constraints, one 

is the hard constraint method, and another is the soft constraint method. The control 

trajectory can be found analytically with the hard constraint method, however using soft 

constraint method, the quadratic programme (QP) needs to be implemented. Since the 

author did not have access to a gas turbine engine to implement the control strategy at 

the time of reporting this work, the previously estimated neural network engine model 

will be used as the model predictor and the previously estimated NARMAX engine 

model used to represent the "true dynamics" of the system. Using the two different 

models enables the effects of model mismatch to be taken into account. The control 

performance using the proposed methods is examined using a wide range of small, 

large, random signal and disturbance tests. Finally their control performance is 

compared with that using the gain-scheduling PID controller.

4.2 Model Predictive Control Strategy

Model predictive control strategy uses a model to predict future process behaviour and 

calculate the control trajectory through the optimisation of an objective function within
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the specified horizon, which is schematically presented in Figure 4-1 and described by 

the discrete equations (4-1) to (4-3) for a simplified single-input single-output system.

*) - y(t
k=N. k=\

+ k- 1)] 2 (4-1)

with respect to the Nu future control inputs

(4-2)

and subject to the constraint

Nu <k<N2 -d (4-3)

where N\ denotes the minimum prediction horizon, JV-j the maximum prediction horizon 

and Nu the control horizon, p is a weight factor penalising changes in the control input 

to obtain smooth control input signals and d is the number of samples representing the 

system time delay.

Figure 4-1. Model predictive control strategy.
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The detailed MFC procedure is as follows:

Step (1). At time t, a linear or nonlinear model is applied to predict the future process 

output within the prediction range. Predicted output (y(t + k\t); k = Nlf ...,N2 } depends 

on known past values of input and output signals at time t, and on future control 

trajectory {u(t + k\t); k = Q,...,NU -1} and future references, assuming that after some

"control horizon" Nu further increments in control are zero. The future control trajectory 
is generated as a possible solution by the optimiser.

Step (2). A control trajectory can be calculated by minimising an objective function J 
and imposing process constraints. The objective function J usually returns the deviation 

of the predicted trajectory y(t + k\t) from the reference r(t+k). The objective function J

can also include a term p that penalties the consumption of control energy. A control 
trajectory based on the linear models can be found analytically (Clarke et al., 1987a; 
1987b). However, for NMPC, a control trajectory is calculated by the optimisation 
procedure, which is very demanding in computational time.

Step (3). At time t, only the first predicted control signal u(t\t) from the obtained

control trajectory is applied to control the process. The remaining control signals are not 
applied because at time t+\ a new outputX'+l) is known. The control strategy enters a 
new optimisation loop and the remaining control signals are just discarded for LMPC, 

however for NMPC they are used to initialise the optimiser.

4.3 Approximate Model Predictive Control

When the model is linear, the objective function J has a unique minimum and the 
control trajectory can be found analytically (Clarke et al., 1987a; 1987b). So it needs 

less computational time and avoids the problem of the local minimum. Thus, applying 
the principle of instantaneous linearisation to the predictive control design will give
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tremendous advantages over the conventional nonlinear design. In the derivation of the 

instantaneous linearisation principle, the linearised models are, however, generally only 

valid near the operating point. For systems with non-smooth nonlinearities there will be 

problems. The nonlinear relationship between the fuel flow and shaft speed seems 

smoothly nonlinear according to the dynamic and static analysis of the engine. So 

AMPC will be firstly investigated.

AMPC is a flexible and very powerful criterion-based design and requires the 

linearisation of a nonlinear model incorporating GPC. This is shown in Figure 4-2. At 

each sampling time, a linear model is extracted from a nonlinear model (neural network 

engine model) and applied to predict the future process output within the prediction 

range. The idea behind GPC is to minimise a criterion in equation (4-1) at each 

sampling instant.

Engine 
Throttle

KO Minimisation of J with Rate 
Limiter and Saturation

j k

y(t+Nl )...y(t+N2 )

Gas 
Turbine 
Engine

y(0 ^

Linearised 
NN Engine 

Model

Figure 4-2. Approximate model predictive control scheme.

4.3.1 Instantaneous Linearisation of Nonlinear Models

In order to implement AMPC, linear models must be extracted from a nonlinear model 

at each sampling instant. The principle of instantaneous linearisation will be presented 

firstly and subsequently the linear models are extracted (N0rgaard et al, 2001).

Assume that a deterministic nonlinear model of a ^-step time delay system is available
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XO =

where the regression vector is given by

(4-4)

n\ u(t-d), ...,u(t~d-m)}T (4-5)

Consider the regression vector as a vector defining the system state. At time t = T, g is 

linearised around the current state <p(r) to obtain the approximate model as follows

y(t) = -a: y(t -1) -... - any(t - n) + b0u (t -d} + ...+ bmu(t -d-rri) (4-6)

where

J= -d-i)
<p(t)=<p(-c)

(4-7)

and

y(t - i) = y(t - 0 - >^(T - i) M (/ - 0 = M(? - i) - «(T - i) (4-8)

Using equation (4-8), then equation (4-6) can be separated from the part containing 

components of the current regression vector, ^(T). The approximate model can therefore 

be expressed as

(4-9)

where the bias term, £(r), is given by

(4-10)
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where {a/} and {£>,} are coefficients in the polynomials A(z'} )

B(z~l ) = 60 + V1 + ... + bm z

Therefore, the approximate model can be interpreted as a linear model affected by a 

constant disturbance, £(T), which depends on the current operating point.

For a two-layer feedforward neural network model with one hidden layer of tank units 

and a linear output,

(4-13) 
,=i *=! J

where w,* and vv/o are the weights and biases of the hidden layer, Wj and PPb are the 

weights and biases of the output layer, respectively, <pk (f) are the output and input lag 

terms. «/, denotes the number of the hidden units in one hidden layer and n^ is the total 

number of the input and output lag terms. The derivative of the output with respect to 

input <pk (?) is calculated in accordance with

(4-M)

4.3.2 Generalised Predictive Control

GPC was originally proposed by Clarke et al. (1987a; 1987b) and now is one of the 

most widely used advanced control methods in the process control industry. The 

algorithms used for GPC are presented in the following section.
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In order to remove the offset due to the operating point dependent bias component £(f), 

regular disturbances and model mismatch, it is necessary to let the controller include 

integral action. It is assumed that an ARX model has been obtained by instantaneous 

linearisation of a neural network model

A(z~l )XO = z-d B(z-> )«(0 + e(t) + C(T) (4-15)

where A(z~ l ) and B(z~ l ) are denominator and numerator of the linearised model, 

respectively. e(t) is white noise and C(0 is the bias term. XO and u(t) are the current 

output and input signals respectively.

Considering the bias term as integrated white noise, an integrated ARX model (ARIX) 

is then achieved

(4-16)

where — = ——— acts as a discrete integral term, which rejects the bias between the 
A 1 —z

references and steady-state outputs caused by disturbances and the model uncertainties. 

The ARIX model is examined in this thesis because it is most widely used in practice 

due to its simplicity. This corresponds exactly to the set up considered in Clarke et al. 

(1987a). Clarke et al. (1987b) derived the predictor for ARIMAX models. In 

Soeterboek (1992) an even more general approach is taken hi order to derive predictors 

for systems affected by different deterministic disturbances and noise sources.

Considering the time instant t+k, the ARIX model is defined as follows:

et + k (4-17)
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To derive a predictor, the model is reorganised by using the following Diophantine 

equation (Clarke et al., 1987a)

where ^z"1 ) is of degree k-l and F^z"1) is of the same degree as that of the system 

denominator n. Multiplying both sides of equation (4-17) by £t(z~') and using equation 

(4-18) gives

y(t + k) = z~*Ek (z"1 )B(z~} )Au(t + k) + Fk (z"1 ) y(t) + Ek (z"1 )e(t + k) (4-19)

Assuming that the sequence of future control inputs is known, the minimum variance 

predictor for y(t+k) is the expectation on the information gathered up to time t, (Ljung, 

1987).

y(t + k) = z-"Ek (z-1 )5(z-' )An(f + *) + Fk (z~' MO
(4-20)

= Gk (z~l )Au(t + k-

where Gk (z~' ) = Ek (z~l )B(z~l ) = go + g,z~l + • • • + ^.^z1'*-" .

By multiplying B(z~1 )/ A4(z~') to both sides of equation (4-18) it is obvious that the 

first k terms in Gt (z~1 ) are the first *• coefficients of the step response of 

JB(z"')/A^(z~ 1 ). Consequently the first £-1 terms in Gk (z~l ) must equal the first fr-1 

terms in G^z"1 ).

The only unknown quantities in equation (4-20) are the future control inputs. In order to 

derive the control law, it is necessary to separate them from the past known data.
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Gk (z' 1 )Aw(f + k - d) + Fk (z- 1 )y(t), for\<k<d 

g0A«(0 + [Gd (z-1 ) - gQ ]Aw(0 + Fd (z-1 )XO, /tw- * =
(4-21)

Gk (z-1 )Aw(f + A: - «/) + z*-rf [G, 

, fard<k<N2

- G

where

</-* (4-22)

To solve the Diophantine equation, recursion is used (Clarke et al., 1987a; 1987b). The 

recursive process is initialised by setting

, (z'1 ) = 1 and then F, (z"1 ) = z[l - AA(z~l )] (4-23)

Assume that the solution to the following Diophantine equation exists for some k,

1 = AA(z~l )Ek (z'1 ) + z~*Fk (z'1 ) (4-24)

and consider the equation for k+\

k+l
(4-25)

Subtracting equation (4-24) from equation (4-25) gives

0 = M(z~l - E - F (4-26)

since degree (Ek+l - Ek) = degree (Ek+l ) = k, it then defines
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(4.27)

where ef+1) defines the coefficient of z"* in the polynomial Ek+i. Using this, equation 

(4-26) can be rewritten as

0 = AA(z~l )EM (z-1 ) + z-* [z-'Ft+I (z- 1 ) - Ft (z'1 ) + A/Kz'1 )c<* +1 > ] (4-28)

Since AA is monic, it is evident that Ek+\ (z~* ) = 0 , leading to

EM (z-1 ) = Ek (z- ) + *<*+»*-* (4-29)

and

Ft+1 (z- 1 ) = z[Ft (z-1 ) - A^(z-' )ef +1) ] (4-30)

Again, due to A/4 is monic,

From equations (4-29) and (4-31) it also follows that

GM (z-1 ) = B(z-1 )EM (z-1 ) = Gk (z-1 ) + z-* B(z~l )/0* (4-32)

From the above discussion, the first k terms of G*+i are thus the same as those of Gk. 

According to Clarke et al. (1987a), this method is referred to as recursion of the 

Diophantine equation.
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To derive the control law, firstly the predictors derived from equation (4-21) are 

expressed using the following vector notation:

(4-33)

where

(4-34)

with

<p(t + k) = zk~d [Gk (z-1 ) - go - glz~l ... - gk_dzd-k ]Aw(0 + Fk (4-35)

F is a matrix of dimension (Af2 - d +1) x Nu :

r =

go 0

go

0

0

0* O* • • •&N2 -d &N2 -d-l

(4-36)

From the definitions of the above vectors and with

(4-37)

the cost function in equation (4-1) can be rewritten as:
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pU T U (4-38)

and the sequence of future control increments is obtained by setting the derivative of the 
above function equal to zero, so that

(4-39)
dC7

then

u = [rrr + piNa ]-' rr (R - o> (4-40)

Only the vector <3> will depend on the present output of the system. Most of the 

computations can be executed in the previous sample. Using the first future control 

increment derived from equation (4-40), the first predicted control input used to control 

the system is obtained as follows:

(4-41)

4.3.3 Constrained AM PC

If real processes are subject to constraints, which limit the range and gradient of the 

control signals, the following constraints need to be satisfied.

Vt,
(4-42)

vt.

The predicted control input sequence based on GPC without constraints is firstly 

obtained. The hard constraints are put on the first predicted control input since only the
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first predicted control input is applied to the system. The rest are just discarded, since at 

the next sampling instant, a new control trajectory is obtained. The predicted control 

input after constraints is applied to the control system, also it is provided as input data to 

GPC. The reason for this is that when the control input is out of its constrained range, it 

is set to its maximum value, thus enabling fast reference tracking. When the control 

input is within its constrained range, it uses the achieved value.

In order to validate the performance of GPC with hard constraints, GPC with soft 

constraints is also explored. The cost function in equation (4-38) can be rewritten as

J(t,U(t)) = U T (TTr+pINa )U-2(R-<f>yrU + (R-<S>) T (R-<I>) (4-43)

The third term in above equation is a constant term, which can be removed, thus the 

cost function becomes a standard quadratic form

J(t,U(tJ) = U T (TTr + pINu )U-2(R-®)T rU (4-44)

The increments of future control inputs can be obtained using the quadratic programme 

(QP) algorithm (Gill et al, 1984; 1991), which can directly take the constraints in 

equation (4-42) into account, resulting in significantly less computational time than 

NMPC. They are implemented using the MATLAB Optimisation Toolbox. Once the 

increment of the first predicted control input Au(t) is obtained, the first predicted 

control input is given by equation (4-41).

4.3.4 Tuning of AMPC

Tuning of AMPC is quite intuitive compared with other control methods. Soeterboek 

(1992) gives an elaborate discussion on how to tune predictive controllers. This is 

widely supported by illustrative simulation studies, which provide an insight into the
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impact of a given choice of design parameters on the control performance. The 

computational time required by AMPC is influenced by the choice of design 

parameters. The two horizons N2 and Nu have a substantial impact on the time needed to 

compute the control inputs. The design parameters, N\, N2, Nu, and p should be set as 

follows:

Minimum prediction horizon N\: It is always set to the steps of the model time-delay d. 

There is no reason for choosing it smaller because the d - 1 first predictions depend on 

past control inputs only and cannot be affected by the first control action u(f). On the 

other hand it is not recommended to choose it bigger since this can lead to quite 

unpredictable results (Soeterboek, 1992). If d is not known or is variable, then N\ can be 

set to 1 (Clarke, 1987a).

Maximum prediction horizon N2'. A rule of thumb is that the prediction horizon should 

be selected approximately to the rise time of the system (Clarke et al., 1987a; 1987b). 

However, often it is not possible to choose it as long as this because the computational 

time required by AMPC is too demanding compared with the selected sampling period. 

Usually it is empirically tuned based on the actual control performance.

Control horizon Nu : In the linear system it is recommended to be equal to or exceed the 

number of unstable or poorly damped poles. Using instantaneous linearisation of a 

nonlinear model to produce a pole-zero map can provide some valuable information. 

Soeterboek (1992) suggested that Nu is equal to the number of output lag terms n. lfNu 

is made longer, the control performance is slightly improved and the computational time 

is also increased. It is thus recommended to always use a smaller Nu value.

The control penalty factor p: The purpose of the control penalty factor is to penalise 

large changes in the process input and reduce actuator wear. It is usual to set p as a 

constant in the range [0, 1]. In practice it can be selected according to the actual control 

performance.
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4.4 AMPC Applied to the Gas Turbine Engine

The control arrangement shown in Figure 4-2 is employed to enable the control of the 

HP shaft speed of the engine. The engine throttle gives the operating point required. 

Due to the limit on the fuel feed, saturation occurs at 440cc/s. Also it is necessary to 

employ a rate limiter in order to prevent engine surge. The rising slew rate is 40cc/s2 

and the falling slew rate is -40cc/s2 . A future control trajectory is generated as a 

possible solution by the optimiser based on the linearised neural network engine model 

using the proposed AMPC method. At each sampling instant, only the first predicted 

input signal from the obtained control trajectory is applied to control the gas turbine 

engine. According to the suggestion of tuning of AMPC, the AMPC parameters for the 

gas turbine engine, N\, N2, Nu, andp, should be set as follows:

Minimum prediction horizon N\ is selected to the steps of the gas turbine time-delay, 

which is 1 (sampling period) and is not tuned.

Control horizon Nu is set to 2 (sampling periods), which is the same as the number of 

output lag terms.

Maximum prediction horizon N2 should be selected according to the actual control 

performance. Initially set Nl =l,Nu =2,p = 0.05 for both GPC with hard constraint 

(GPC-H) and GPC with soft constraint (GPC-QP) methods, maximum prediction 

horizon N2 is changed from 10 to 40. With the change of N2, the ITAE performance 

indexes for small, large and random step changes are shown in Table 4-1 for both GPC- 

H and GPC-QP methods. It can be seen that the ITAEs are very similar for both GPC-H 

and GPC-QP methods. This indicates that their control performance could be very 

similar. It also shows that with the increase of N2, the ITAE performance indexes 

become smaller for large and random step changes using both methods. However for 

the small step changes with both methods, N2 set to 30 gives the best control 

performance. Therefore the maximum prediction horizon N2 set to 30 can provide good
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control performance for both small, large and random step changes using both GPC-H 

and GPC-QP methods.

Control penalty factor p should be selected also according to the actual control 

performance. Firstly set Nl = l,N2 = 30, WK = 2 for both methods, control penalty 

factor p is changed from 0.5 to 0.0005. The resulted ITAEs for both small, large and 

random step changes using both methods are shown in Table 4-2, where it can be seen 

that the ITAEs vary slightly with the change of p for both methods except 

forp =0.0005 in the case of GPC-H method. The reason for this is that when p is 

smaller, less penalty is put on the increment of the control inputs. Thus large changes in 

the process input easily cause an oscillatory system for the GPC-H approach. However 

for the GPC-QP approach, large changes in the process input have less chance to 

happen since it can directly take constraints into account during the optimisation 

procedure. Table 4-2 also shows that the best control performance for both methods is 

obtained when p = 0.005. However according to the simulation results, when p is set to 

0.005, there is slight oscillation for the large and random step changes when using the 

GPC-H method. Therefore/) is set to 0.05 for both GPC-H and GPC-QP methods.

Consequently, Nl =l,N2 = 30, Nu = 2, p = 0.05 are selected as the optimal parameters 

of both GPC-H and GPC-QP for the gas turbine engine. The global nonlinear controller 

results in the system responses shown in Figure 4-3 (a) for large, random step changes 

and Figure 4-4 (a) for small step changes. The results show that a fast rise time is 

achieved, with almost no overshoot for both GPC with hard and soft constraints, 

demonstrating that the proposed methods provide a good performance for small, large 

and random step changes. Figures 4-3(b) and 4-4(b) show that the differences in control 

performance using GPC with hard constraints and soft constraints are very small for 

these tests. So their control performances are nearly the same.

It can be concluded that the control action using AMPC with hard constraints can be 

obtained analytically and is very easily implemented. Under the MATLAB environment
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using a Pentium 4 PC, it only needs 0.0046s computational time per system sampling 

period (0.05s). However AMPC with soft constraints needs more computational time 

(0.014s). The computational time can be further reduced using a program written in C 

or using a smaller maximum prediction horizon N2 at the cost of a less optimal control 

performance. Since both methods use less computational time compared with the 

system sampling period (0.05s), therefore they are suitable for real-time 

implementation. The only precaution for AMPC with hard constraints is not to use a 

small value for control penalty p since it can easily cause a system to oscillate.

TABLE 4-1

ITAE PERFORMANCE INDEXES WITH THE CHANGES OF N2

ITAE

#2

10
20
30
40

Large and random

GPC-H

1563.9
1175.8
935.9
760.3

step change

GPC-QP

1563.4
1175.9
936.6
761.9

Small

GPC-H
146.3
71.4
61.1
71.5

step change
GPC-QP

145.8
71.7
61.5
71.9

TABLE 4-2

ITAE PERFORMANCE INDEXES WITH THE CHANGES OFp

ITAE

P

0.5
0.05

0.005

0.0005

Large and

GPC-H

941.0

935.9
928.2

1552.1

random step change

GPC-QP

940.2
936.6
936.4

934.4

Small

GPC-H

60.3
61.1
55.4
134.9

step change
GPC-QP

60.0
61.5
60.1
58.3
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Figure 4-3. Performance of AMPC on several large and random step changes. Set 

points (dashed), engine output using GPC with hard constraints (solid) and soft 

constraints (dashdot). (a) shaft speed, (b) speed difference between GPC with hard and 

soft constraints.
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Figure 4-4. Performance of AMPC on small step changes. Set points (dashed), engine 

output using GPC with hard constraints (solid) and soft constraints (dashdot) (a) shaft 

speed, (b) speed difference between GPC with hard and soft constraints.
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To assess the nonlinearity of the gas turbine engine, it is informative to plot the 

coefficients of the extracted linear engine models. This provides a useful understanding 

of how the behaviour of the system varies with the operating point changes. 

Alternatively the poles and zeros of each extracted linear engine model can be 

calculated and plotted to provide an insight into the engine dynamics.

Figure 4-5 shows the numerator and denominators coefficients of the extracted linear 

engine models and Figure 4-6 shows the associated zeros and poles using large and 

random set point changes. For small set point changes, the numerator and denominator 

coefficients of the extracted linear engine models are shown in Figure 4-7 and their 

poles and zeros are shown in Figure 4-8. It can be seen that these changes are quite 

smooth, therefore confirming that the gas turbine engine is not severely nonlinear.

o 
I 0

-2

x10 (a)

g
3

0.5 

0

-0.5 

-1

20 40 60 80 100 120 140 160 180 200
Time(s)

(b)

>————\_

20 40 60 80 100 120 140 160 180 200
Time(s)

Figure 4-5. Coefficients of extracted linear engine models using large and random step 

changes, (a) numerator coefficients, (b) denominator coefficients.
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Figure 4-6. Zeros and poles of extracted linear engine models using large and random 

step changes, (a) zeros, (b) poles.
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Figure 4-7. Coefficients of extracted linear engine models using small step changes, (a) 

numerator coefficients, (b) denominator coefficients.
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Figure 4-8. Zeros and poles of extracted linear engine models using small step changes, 
(a) zeros, (b) poles.

4.5 Comparison ofAMPC and PID Controllers

In this section, a comparison is made between AMPC and PID controllers. Only AMPC 
with hard constraint is considered in the comparison since it has nearly the same control 
performance as the GPC with soft constraints and the control action can be obtained by 
direct analysis. Chapter 3 showed that one set of PID parameters can not provide an 
optimal control performance because of the nonlinearity of the gas turbine engine. So 
the gain-scheduling PID controller is deemed essential in order to obtain an optimal 
engine control performance. To mimic model-process mismatch, the parameters of the 
gain-scheduling PID controller obtained from a neural network engine model are used 
to control the gas turbine engine, which is modelled using a NARMAX engine model.

Initially, one set of PID parameters obtained based on a neural network engine model 
and a large step change from 52%NH to 87%Afo and the AMPC parameters, AT, =1, N2
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=30, Nu =2 and/) =0.05, are applied to control a NARMAX engine model. Their control 

performance is shown in Figure 4-9 using a set of large and random step changes. It 

shows that one PID controller is not suitable for controlling the large and random step 

changes, especially for the smaller step changes, but AMPC gives a good performance 

across the operating range. The resulting ITAE using one PID controller is 2654.9, 

which is rather higher than that using AMPC (745.3). The next comparison is between 

the gain-scheduling PID controller shown in Table 4-3 and AMPC for the small step 

changes. Their control performance is shown in Figure 4-10. It shows that both of them 

can provide good control performance for the gas turbine engine. On the basis of these 

results, the performance of AMPC is better than that of a gain-scheduling PID controller 

for small step changes. Also from Table 4-3, ITAEs using the gain-scheduling PID 

controller are slightly higher than using AMPC.

In order to assess the robustness of the proposed AMPC and gain-scheduling PID 

methods to the gas turbine engine, a 1% change in NARMAX parameter uncertainties is 

added to the system to mimic large model-process mismatch. The control performance 

using both methods is shown in Figure 4-11. It can be seen clearly that the best control 

performance with nearly no overshoot and offset free is obtained using AMPC. This 

indicates that AMPC is less sensitive to model uncertainties compared with the gain- 

scheduling PID controller.

The performance of AMPC and PID controllers is also explored in the face of 

disturbances. This is shown in Figure 4-12, where an input disturbance of lOOcc/s 

occurs at 30s and an output disturbance of 10%A/// takes place at 40s. The response 

shows that the scheme using both methods ensures zero steady state error in the face of 

large disturbances. But the control performance using AMPC is better than that using 

the gain-scheduling PID controller.

It can be therefore concluded that the parameters in the gain-scheduling PID controller 

need to be changed with the operating range, but using AMPC enables a global
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controller to be implemented and provides a better control performance across the 

operating range. AMPC also provides a better control performance in the face of 

disturbance and model uncertainties. So the control performance using AMPC is better 

than that achieved using the gain-scheduling PID controller.

TABLE 4-3

ITAE INDEXES USING THE GAIN-SCHEDULING PID CONTROLLER AND 

AMPC WITH HARD CONSTRAINTS FOR SMALL STEP CHANGES

Step
change

52-57
62-67
72-77
82-87

Gain-scheduling

Kp
22.56
23.65
28.62
39.20

Kt

2.35
4.94
5.66
7.62

PID controller

Kd

0
0
0
0

ITAE

14.2
15.0
10.2
14.3

AMPC

ITAE

7.9
7.0
7.6
8.3
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Figure 4-9. Performance of AMPC and one PID controller (Kp = 25.62, AT, = 1.68, Kd = 

0) on several large and random step changes. Set point (dashed), engine output using 

AMPC (solid) and PID controller (dashdot). (a) shaft speed, (b) fuel feed.
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Figure 4-10. Performance of AMPC and the gain-scheduling PID controller on small 

step changes. Set point (dashed), engine output using AMPC (solid) and the gain- 

scheduling PID controller (dashdot). (a) 52-57% NH step change, (b) 62-67% NH step 

change, (c) 72-77% NH step change, (d) 82-87% NH step change.
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Figure 4-11. Performance of AMPC and the gain-scheduling PID controller with a 1% 

engine parameter uncertainty. Set point (dashed), engine output using AMPC (solid) 

and the gain-scheduling PID controller (dotted), (a) 52-57% NH step change, (b) 62- 

67% NH step change, (c) 72-77% NH step change, (d) 82-87% NH step change.
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Figure 4-12. Performance of AMPC and PID controller with input-output disturbance. 

Set point (dashed), engine output using AMPC (solid) and PID controller (dotted), (a) 

shaft speed, (b) fuel feed.

4.6 Conclusions

Approximate model predictive control, which provides a powerful tool to design a 
global controller for nonlinear systems, has been presented in this chapter. This 
approach is based on instantaneous linearisation of a nonlinear model incorporating the 
generalised predictive control. Two ways of considering control constraints are also 

presented. One is the hard constraint method, by which the control trajectory can be 
found analytically using GPC, then the constraints are put on the first predicted control 

input. The rest are just discarded. The reason for using this method is that when the 

control input is out of its constrained range, it is set to its maximum value, thus enabling 
fast reference tracking. When the control input is within its constrained range, it uses the 

calculated value. One precaution when using this method is not to use a too small 

control penalty factor, since this gives large changes in the control input, resulting in an 

oscillatory system. Another is the soft constraint method, where the future control input
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is obtained using a quadratic programme and the constraints are considered during the 

optimisation search. But this results in a higher computational time than that needed 

using AMPC with hard constraints.

The proposed methods have been applied to the gas turbine engine to control the HP 

shaft speed of a Spey engine, which is subject to the rate limiter and saturation 
constraints. It is shown that the proposed methods provide a good performance not only 
for small step changes but also for large and random step changes for both AMPC with 
soft and hard constraints. The two methods provided nearly the same control 

performance for the range examined. It has also been shown that the implementation 
can deal with disturbances and model mismatch. It is shown that the AMPC 
performance is superior to that using the gain-scheduling PED controller for the gas 

turbine engine.

The results presented in this chapter clearly show that AMPC with hard constraints 
enables the control inputs to be obtained analytically, thus reducing the computational 
time and avoiding the problem of local minimums. Under the MATLAB environment 
using a Pentium 4 PC, it needs 0.0046s computational time per engine sampling period 
(0.05s) compared with that using AMPC with soft constraints (0.014s). The 

computational time can be further reduced using a program written in C or using a 
smaller maximum prediction horizon N^ at the cost of a less optimal control 

performance. Both methods are suitable for real-time implementation and provide an 

efficient approach to the adaptive control of the gas turbine engine in the place of the 

gain-scheduling PID controller.



Chapter V

Gas Turbine Control Using Nonlinear Model Predictive

Control

Abstract — In order to assess the effects of linearisation on the engine control 

performance using AMPC, nonlinear model predictive control (NMPC) is considered in 

this chapter. To solve NMPC with input constraints, the Newton-based Levenberg- 

Marquardt approach (NLMA) with hard constraints and the sequential quadratic 

programming (SQP) with soft constraints are employed and presented. The control 

performance using both methods is demonstrated for a range of small, large, random 

and ramp signal tests for the gas turbine engine. Finally a comparison of the engine 

control performance using NMPC, AMPC and gain-scheduling PID controller is made.
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5.1 Introduction

AMPC presented in Chapter 4 provides a global controller for the gas turbine engine 

across its operating range. In order to validate the control performance using AMPC in 

terms of assessing the effects of linearisation, the nonlinear model predictive control 

(NMPC) is also applied to control the gas turbine engine. The use of NMPC to control 

the gas turbine engine has already been reported by Van Essen and De Lange (2001) 

and Brunell et al. (2002). Since in the implementation of NMPC, future control inputs 

are calculated by minimising a performance index using nonlinear programming 

techniques, the computational time is much longer than that using AMPC. In this 

chapter the control strategies using NMPC are explored and the properties of NLMA 

and SQP optimiser are discussed. The control performance using the proposed NMPC 

with two different optimisers is examined and compared using a range of small, large, 

random, ramp signal and disturbance tests. Finally, the control performance using 

NMPC, AMPC and gain-scheduling PID controller is compared.

5.2 Nonlinear Model Predictive Control

NMPC is now one of the most widely used advanced control methods to deal with 

nonlinear systems in the process control industries. A major advantage of NMPC is that 

the process input is optimally computed to take account of control constraints and future 

predictions of the process, which directly uses a nonlinear model. This enables the 

scheme to anticipate future process outputs and achieve smooth transient responses to 

set-point changes and the ability to take early corrective action against the disturbance. 

The disadvantage of NMPC is more computational time involved than that using 

AMPC. The main task of this chapter is to demonstrate the suitability of NMPC applied 

to the gas turbine engine. The components of NMPC scheme shown in Figure 5-1 

include a process, a model predictor, a corrector and a nonlinear optimiser.
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Figure 5-1. Nonlinear model predictive control scheme. 

5.2.1 Process and Model Predictor

Since the authors did not have access to a gas turbine engine to implement the NMPC 
strategy at this stage, the previously estimated NARMAX engine model is used for an 
analogue of the gas turbine engine. Since any well-estimated model is still only an 
approximation to the real process, model mismatch will invariably occur. Therefore 
using the previously estimated neural network engine model as the model predictor 
enables model mismatch to be taken into account thus allowing the robustness of 
NMPC to be assessed. Based on the past output signals, the past control signals and the 
future control signals {u(t+k); k = 0,...,NU - 1}, which need to be solved, the predicted 
output signals can be obtained using the recursion of a neural network engine model. A 
fc-step ahead predictor of an estimated neural network engine model for the HP shaft 
with six hidden units and one linear output layer is as follows

(5-1)

where/(£(£, y)) = tanh(£(&,./)) and

1=1
+ k - 0+ £ Wj_n+ (5-2)

i=0
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where w,-, , wj>n+i+ i and vv,,0 are the weights and biases of the hidden layer shown in 

Table 2-9, W} and WQ are the weights and biases of the output layer shown in Table 2- 

10, nh is the number of the hidden units in one hidden layer, m and n present the number 

of the input and output lag terms respectively, d is the number of samples representing 

the system time delay, which equals to 1 sampling period for the gas turbine engine.

5.2.2 Corrector

Since the model predictive control is based on the prediction of the future output by a 

model, offset may occur due to the model-process mismatch (Willis et al., 1992; Gomm 

et al., 1997; Potocnik and Grabec, 2002). The discrepancy between model and process 

responses can be estimated at each time step

(5-3)

In order to compensate for the control inaccuracy caused by the model-process 

mismatch, the discrepancy between model and process responses can be used to correct 

the future predictions of the model y(t+K). In the presence of noise and other 

disturbances, the robustness of the corrector can be improved by filtering the 

discrepancy e(f) with a first-order, unity gain low-pass digital filter.

where the coefficient <p € [0,1] determines the filter setting. The filtered discrepancy 

8(t) is then used for the correction. Instead of changing the predictions of the model 

y(t + k) , it is more convenient to correct the reference values r(t+k) without increasing 

the difficulty of the optimisation problem according to the following rule:

= Nlt ...,N2
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which modifies the reference values within the prediction range [N\,N2] since only these 

values are used in the objective function. Such a correction results in a robust offset free 

implementation, which corrects the model-process mismatch.

5.2.3 Objective Function

The objective function describes a control goal. In general, good tracking of the 

reference trajectory is required, with low control energy consumption. The future 
process control inputs can be calculated by minimising the following objective function 

at each sampling time,

= k (o - nt)J k co - ?(/)]+ PU T
(5-6)

with respect to the Nu future control inputs. After that it is assumed future increments in 

control inputs are zero.

£7(0 = «(0 ... u
(5-7)

Nu <k<N2 -l

where

... Au(t+Nu-l)] T
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for

where rc is the modified reference values, N} denotes the minimum prediction horizon, 

A/2 the maximum prediction horizon and Nv the control horizon, p is weighting factor 

penalising large changes in the control inputs.

Since the gas turbine engine is subject to constraints, which limit the range and gradient 

of the control signals, the following constraints need to be satisfied.

u^<u(f)< U^ V/,
(5-8)

5.2.4 Opt i miser

For NMPC, the optimisation problem must be solved at each sample instant, resulting in 

a sequence of future control inputs. From this sequence, the first component, u(t), is 

then applied to control the gas turbine engine. The remaining control signals are used to 

initialise the optimiser for the next sampling instant. The reason for this is that by 

setting the predicted values as the initial values normally prevents the problem of the 

local minimum since the predicted values usually are similar to the true values.

Minimisation of the NMPC objective function in equation (5-6) with the constraints of 

equation (5-8) constitutes a complex nonlinear programming problem. Unfortunately, 

the problem does not become less involved when the real-time implementation issue is 

taken into account. These require that the control law is numerically robust and that 

there are no problems of convergence. Moreover, it is essential that the minimisation 

takes place automatically since there will be no possibility for user interference in real
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time. Consequently, it can not depend on numerous design parameters, which need 

proper adjustment to achieve a satisfactory convergence.

To solve the NMPC optimisation problem with the constraints, there are two methods 

discussed in this chapter. One is the Newton-based Levenberg-Marquardt approach 

(NLMA) (N0rgaard et al., 2001) with hard constraints, in which the constraints are 

considered after the optimisation search at each sampling instant. Another method is the 

sequential quadratic programming (SQP) (Schittowski, 1985) with soft constraints, 

which readily facilitates the setting of constraints at the input. In the SQP the constraints 

are included within the optimiser, and therefore it is expected that it should perform 

better than the NLMA. However, using the NLMA optimiser is still a valid method. The 

reason for this is that when the difference between the reference and system output is 

large, the input is set to its maximum limit, thus enabling fast reference tracking. When 

the difference is small, the control input using the NLMA is akeady within its limit and 

is similar to the SQP case. The reason for considering the two different methods is to 

compare the control performance using the soft and hard constraints respectively.

Newton-based Levenberg-Marquardt Approach

NLMA uses the Levenberg-Marquardt modification applied to the full Newton method, 

thus the Hessian matrix is always positively defined without a large weighting factor, p 

(N0rgaard et al., 2001). The search direction is found by

(5-9)

where C/ (0 specifies the current iterate of the sequence of future control inputs, A(/) is 

the Levenberg-Marquardt parameter and /(0 is the search direction. The gradient 

vector and the Hessian matrix are found by
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(5-10)

U(.t)=V(i\t)

at/col
(5-11)

£/(/)=[/">(()

Before calculating the search direction, it is necessary to determine the various partial 

derivatives in the gradient vector and the Hessian matrix. These are derived as follows:

Since Au(t) = u(t) - u(t - 1), then

3c7(0
9t/(0

" l
-l

;

0
0

0
1

•_

0
0

0
0
•.

-1
0

0
0
0
1

-1

0"

0
;

0
1

and

(5-12)
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00 000
00000
; '•. '-. o i
00000
00000

(5-13)

N..XN,,
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The derivatives in equations (5-12) and (5-13) are independent of time and can be 

constructed in advance.

The partial derivative

af (0 _ (5-14)

To calculate the derivatives of this matrix, the terms depending on past and future 

control inputs are separated.

mia(k—d,n)

' 2L 1=1 i=l

in(*—d,m)

!>,>
k-d-Na +2

(5-15)

. 5>,,j>(/+*-o+ z>v
i=k-d+\ i=k-d+l

The first three terms depend on the future control inputs while the remaining two 

depend only on the past control inputs.

For all k e [d, N2 ] and for all / e [0, min(£ -1, Nu - 1)], then

j=\
(5-16)

has to be determined.
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where

'> du(t-d + k-i)
'j,n+i+l

Since

the expression for h(k,l,j) can be reduced to

133

-i) 
/)

(5-17)

Bu(t + Na -l)\l, I = Nu -l (5i8) 
du(t + /) [0, otherwise

+ /) [0, otherwise

= ,2k-d-i + l (5-20)

ou(t
(5-23)
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By inserting the hidden layer activation function and its derivative in equation (5-24), 

the partial derivative ^ _ { can be calculated.

/(*) = tanh(x)

Since

dU(t)
E(t) =

= I-/2 (*) (5-24)

(5-25)

taking the derivative of above equation with respect to U(f) results in the following

Nu xNu matrix

dU(t)

**>

(5-26)

The second term can be calculated by multiplying the vectors derived from equation (5- 

14). To determine the first term, each of the second-order derivatives needs to be 

calculated for all k e [d,N2 ], for all /e [0,min(fr -1,NH - 1)] and for all p e [0,/].
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where

(5-28)

and

f(x) = tanh(x) => /'(*) = 1 - /2 (*) => /"(*) = -2/(x)[l - /2 (x)] (5-29)

A full Newton-based Levenberg-Marquardt algorithm is implemented in the following 

way and is shown in block diagram form in Figure 5-2.

Step (1) Initialise X and set i = 0. Select the initial sequence of future control inputs, 

C/ (0) and evaluate the criterion J(£/ (0) ).

Step (2) Compute the gradient vector G(U W ) and the Hessian matrix

Step (3) Use Cholesky factorisation on the matrix H(U(i) ) + /I/ . If the matrix is not 

positive definite, the factorisation will fail. Set A = 4A and go to Step (3).

Step (4) Use the Cholesky factors to determine the search direction /(l) .

(H(UW = -G[U(n

Step (5) Evaluate the criterion J(U (i) +/(0 ) and determine the ratio between the 

actual and predicted decrease in the criterion
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(0 =

Step (6) If r<0 > 0.75 then A = A / 2 and go to Step (8).

Step (7) If r (l) < 0.25 then A = 2A.

Step (8) If r<0 > 0 then t/ (i+1) = £/ (/) + / (0 , i = i+l.

Step (9) Go to Step (2) if the stopping criterion Uw -U(i~l) <8 or / > maximum 

number of iterations (MNI) is not satisfied.

Step (10) Accept the sequence of future control inputs and terminate.

The hard constraints in equation (5-8) are put on the first predicted control input and the 

rest are used for initialising the optimiser for the next sampling instant. The first 

predicted control input after the constraints is applied to control the gas turbine engine 

and is also used as the input data of the neural network engine model predictor.



5.2 Nonlinear Model Predictive Control 137

Initialise A ,U mand evaluate J(U W )

Computer gradient vectorG(U ln ) 

and Hessian matrix H(U (n )

Matrix H (U l " ) + A. 
positive ?

Determine the search direction 

using

Evaluate J(U M + / (l> ) andtheratio

r<" = 2-

Accept future control sequence

Figure 5-2. A full Newton-based Levenberg-Marquardt methodology.
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Sequential Quadratic Programming

The SQP method represents a well-established approach to nonlinear constrained 
optimisation problems. Schittowski (1985) has implemented, tested and shown that it 
outperforms every other tested method in terms of efficiency, accuracy, and percentage 
of successful solutions over a large number of test problems. The SQP implementation 
consists of three main stages: (a) Updating of the Hessian matrix of the Lagrangian 
function using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) formula, (b) Solving 
quadratic programming problem, (c) Line search using a merit function. The algorithms 
required for the SQP are implemented in the Optimisation Toolbox in MATLAB.

5.3 NMPC Applied to the Gas Turbine Engine

The control arrangement shown in Figure 5-1 is employed to control the HP shaft speed 
of the engine. The engine throttle gives the operating point required. In order to 
compensate for the model-process mismatch, noise and disturbance, a corrector with a 
filter set to (p = 0.3 in equation (5-4) is used to adjust the engine throttle. The rate 

limiter and saturation constraints on the fuel feed used in this chapter are the same as 
that in Chapter 4. A future control trajectory is generated as a possible solution by 
NMPC using the NLMA with hard constraints or the SQP with soft constraints. At each 
sampling instant, only the first predicted input signal from the obtained control 
trajectory is applied to control the gas turbine engine. The rest are used to initialise the 

optimiser for the next sampling instant.

Tuning of NMPC is similar to tuning of AMPC. Following the suggestion used for 
tuning of AMPC, the parameters of NMPC, the minimum prediction horizon M and the 

control horizon Nu are set to 1 sampling period and 2 sampling periods respectively, 
which is the same as that for AMPC. The maximum prediction horizon N2 and the 
control penalty factor p should be tuned based on the actual control performance. Table 
5-1 shows that with the increasing of N2, integral of the time-weighted absolute error
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(ITAE) performance indexes are reduced for large and random step changes using both 
NLMA and SQP optimisers. However for the small step changes N2 is set around 30 
sampling periods giving the best control performance using both optimisers. For the gas 
turbine engine, with the decrease of p, the ITAE performance indexes shown in Table 5- 
2 are only slightly decreased for both optimizers. When p is smaller than 0.005, no 
results are obtained for large and random step changes with the NLMA optimiser. 

Possibly the modified Hessian Matrix (H[U(i) (ty] + A,(i) l) is not positively defined. To 

achieve the best control performance, p is set to 0.005 for small, large and random step 
changes using both optimisers.

With the NMPC variables set to JV, = 1, N2 = 30, N* = 2 and p = 0.005, the control 
performance of the global nonlinear controller is shown in Figure 5-3 for large and 
random step changes and Figure 5-4 for small step changes. The results show that fast 
reference tracking is achieved, with almost no overshoot using both optimisers. It is also 
shown that the control performance using the SQP is slightly better with less overshoot 
than using the NLMA. This is also demonstrated in Table 5-1 and Table 5-2 where the 
ITAEs using the NLMA are slightly higher than using the SQP. The comparison of the 
control performance for ramp signal tests is shown in Figure 5-5. Both of them can 
provide the fast tracking but the control performance is a little better using the SQP with 
the ITAE (23.7) than using the NLMA with the ITAE (29.8) as one would expect, since 
the SQP directly takes the constraints in equation (5-8) into account during the 
optimisation search. However the important point to note is that both of them have an 
acceptable control performance for the gas turbine engine.

In order to assess the effect of the low pass filter on the engine control performance in 
the face of measurement noise, some white noise is added to the measured outputs. 
Figure 5-6 gives a comparison in control performance between NMPC with and without 
the filter. It can be seen that a better control performance is obtained using NMPC with 
the filter ((p = 0.02) (solid). The engine outputs are smoother and have less overshoot 

than that using NMPC without the filter (dotted).
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Under the MATLAB environment using a Pentium 4 PC, NMPC with the NLMA needs 

0.045s computational time and NMPC with the SQP needs 0.049s computational time 

per system sampling period (0.05s). It can be seen that the computational time using 

both methods is approaching the system sampling period. The computational time can 

be further reduced using a program written in C or using a smaller maximum prediction 

horizon N2 at the cost of a less optimal control performance. Since both methods uses 

less computational time compared with the system sampling period (0.05s), therefore 

they are suitable for real-time implementation.

TABLE 5-1

ITAE PERFORMANCE INDEXES WITH THE CHANGES OF N2 

(JVi =1, Nu =2 and/) =0.005)

ITAE 

N2 Large and random step change Small step change

10
20
30
40

NLMA

1562.5
1190.8
932.7
740.7

SQP

1521.3
1168.1
924.4
743.9

NLMA

150.2
97.1
85.0
93.7

SQP
133.4
87.6
78.2
87.9

TABLE 5-2 

ITAE PERFORMANCE INDEXES WITH THE CHANGES OF/)

(Ni =1, N2 =30 and Nu =2)

ITAE

P

0.5
0.05

0.005
0.0005

Large and random

NLMA

966.3

939.5
932.7

__»

step change

SQP

949.3

927.0
924.4
919.4

Small

NLMA

99.6
92.4
85.0
79.7

step change

SQP

87.7
82.2
78.2
72.5
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Figure 5-3. Performance of NMPC on several large and random step changes. Set 

points (dashed), engine output using the SQP (solid) and the NLMA (dashdot). (a) large 

scale, (b) small scale.
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Figure 5-4. Performance of NMPC on small step changes. Set points (dashed), engine 

output using the SQP (solid) and the NLMA (dashdot). (a) large scale, (b) small scale.
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Figure 5-5. Performance of ramp tests. Set points (dashed), engine output using the 

SQP (solid) and the NLMA (dashdot). (a) large scale, (b) small scale.
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Figure 5-6. Noise rejection performance on large and random step changes. Set points 

(dashed), engine output using NMPC with the filter (<p = 0.02) (solid) and without the 

filter (dotted).
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5.4 Comparison of NMPC, AMPC and PID Controllers

In this section, a comparison is made between NMPC, AMPC and PID controllers. Only 

NMPC with the SQP optimiser and AMPC with hard constraints are considered in the 

comparison. To mimic model-process mismatch, the gain-scheduling PID parameters 

used are those obtained from a neural network engine model and are applied to the 

NARMAX engine model, which is used to represent the real gas turbine engine.

Figure 5-7 gives a comparison between a PID controller (obtained from 52%NH to 

S7%Nff step change), AMPC with hard constraints and NMPC with the SQP optimiser 

for large and random step changes. It shows that for a PID controller the response is 

under-damped for some ranges and for other ranges is over-damped. However, AMPC 

and NMPC give consistently a good performance with a fast rise time and nearly no 

overshoot. A closer examination shows that AMPC performs slightly better than 

NMPC. This is because the process model is acting as an open-loop observer of the 

engine with NMPC to get zero offset. Since the model uncertainties were not modelled, 

they did not affect the predictor model output although they clearly affect the engine 

output. Therefore, the model predictions could be inaccurate and consequently on-line 

model adaptation schemes should be considered. For small step changes, a comparison 

has been shown in Figure 5-8 using three different methods, where all of them can 

provide a good control performance for the engine. It can be seen that the step responses 

using the gain-scheduling PID controller are faster, but present more overshoot than 

using AMPC and NMPC. Again, the AMPC performance is slightly better than that 

using NMPC. This is also indicated by the ITAE performance indexes in Table 5-3.

In order to assess the robustness of the proposed three methods, a 1% of NARMAX 

parameter uncertainty is added to the gas turbine engine. The control performance is 

shown in Figure 5-9. It can be seen clearly that the best control performance with nearly 

no overshoot is obtained using AMPC. This indicates that AMPC is less sensitive to the
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model uncertainties. However using NMPC the system has more overshoot than that 

using the gain-scheduling PID controller and AMPC.

The performance of the control scheme is also examined in the face of disturbances. 

This is shown in Figure 5-10, where a step-input disturbance of lOOcc/s occurs at 30s 

and a step-output disturbance of \Q%NH takes place at 40s. The response shows that the 

scheme using all methods ensures zero steady state error in the face of large 

disturbances. But the control performance using AMPC and NMPC is better than that 

using the PID controller. Again the best performance is obtained using AMPC.

Finally a comparison of the computational time required is made between AMPC with 

both soft and hard constraints and NMPC with the NLMA and the SQP. The less 

computational time required is AMPC with hard constraints. Since the control inputs 

using AMPC with hard constraints can be obtained by direct analysis, it only needs 

0.0046s computational time per engine sampling period (0.05s). This is about three-time 

faster than that using AMPC with soft constraints (0.014s) and around ten-time faster 

than that using NMPC with the NLMA (0.045s) and the SQP (0.049s).

It can be therefore concluded that the parameters in the gain-scheduling PID controller 

need to be changed with the operating range, but using AMPC and NMPC enables a 

global controller to be implemented and provides an optimal control performance across 

the operating range. AMPC should be preferred in real-time implementation for the gas 

turbine engine not only due to the simple control algorithms but also due to the fast 

computational time.
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Figure 5-7. Performance of AMPC, NMPC and one PID controller (Kp = 25.61, Kt = 
1.68, Kd = 0) on several large and random step changes. Set point (dashed), engine 
output using AMPC (solid), NMPC (dashdot) and PID controller (dotted), (a) large 
scale, (b) small scale.

20 22.5 
Time(s)

Figure 5-8. Performance of AMPC, NMPC and the gain-scheduling PID controller on 
small step changes. Set point (dashed), engine outputs using AMPC (solid), NMPC 
(dashdot) and the gain-scheduling PID controller (dotted), (a) 52-57% NH step change, 
(b) 62-670/c NH step change, (c) 72-77% NH step change, (d) 82-87% NH step change.
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Figure 5-10. Performance of AMPC, NMPC and PID controller with input-output 

disturbances. Set points (dashed), engine output using AMPC (solid), NMPC (dashdot) 

and PED controller (dotted), (a) shaft speed, (b) fuel feed.
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TABLE 5-3
ITAE INDEXES USING THE GAIN-SCHEDULING PID CONTROLLER, AMPC 

AND NMPC FOR SMALL STEP CHANGES

Step change

(%NH)
52-57
62-67
72-77
82-87

Gain-scheduling PID
14.2
15.0
10.2
14.3

ITAE

AMPC

7.9
7.0
7.6
8.3

NMPC

20.2
9.1
8.2
8.0

5.5 Conclusions

Due to the nonlinearities of the gas turbine engine, the rate limiter and saturation 
constraints on the fuel feed, when using PID controller, gain-scheduling has to be used 
for an optimal response across the operating range. This chapter has considered the 
design of a global controller using NMPC to cover the operating range of the engine. In 
doing this it has assessed the effects of linearisation using AMPC. NMPC with the 
NLMA and the SQP optimisers provided an acceptable control performance for small, 
large, random and ramp signal tests although the control performance using NMPC with 
the SQP was slightly better than that using NMPC with the NLMA. This is an expected 
result since NMPC with the SQP can directly take the constraints into account during 

the optimisation search.

A comparison has been made between NMPC, AMPC and gain-scheduling PID 
controller. NMPC and AMPC were demonstrated to have a good control performance 
for small, large and random signal tests which is more favorably to that of the gain- 
scheduling PID controller. The AMPC performance was slightly better than that using 
NMPC. The control performance using the proposed methods has also been assessed in
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the face of disturbances and model uncertainties and that the best control performance 
was obtained using AMPC.

The results presented in this chapter clearly showed that under the MATLAB 
environment using a Pentium 4 PC, AMPC with hard constraints only needs 0.0046s 
computational time per engine sampling period (0.05s). This is about three-time faster 
than that using AMPC with soft constraints (0.014s) and around ten-time faster than that 
using NMPC with the NLMA (0.045s) and the SQP (0.049s). The computational time 
can be further reduced using a program written in C or using a smaller maximum 
prediction horizon NZ at the cost of a less optimal control performance.

NMPC as a global nonlinear controller can provide an optimal control performance for 
small, large and random signal tests. It can provide an efficient approach to the adaptive 
control of the gas turbine engine in the place of the gain-scheduling PID controller. The 
main challenge of the NMPC implementation is the computational time required to 
generate the engine control signals. Since NMPC uses less computational time 
compared with the engine sampling period, it is still suitable for real-time 
implementation for the gas turbine engines.



Chapter VI

Networked Predictive Control Using a Modified MFC

Abstract - This chapter presents a novel control technique to deal with networked 

control systems with its random communication time delay and data packet dropout, 

which are known to highly degrade the control performance of networked systems. 

These problems can be solved using a control prediction generator and a network delay 

compensator. A modified model predictive control method as a control prediction 

generator is used to generate the future control sequence and the network delay 

compensator is used to remove the forward communication time delay and data packet 

dropout. Also using a model predictor in the control prediction generator, the time 

delay and data packet dropout in the backward channel can be compensated for as well. 

The stability of the networked predictive control system for a fixed communication time 

delay has been presented and an analytical criterion has been obtained. To validate the 

performance using the proposed networked predictive control, the networked control 

test rig and the real-time network delay measurement method have also been presented. 

Off-line simulation and practical experimental results based on a servo motor system 

controlled through both Intranet and Internet show that the proposed control method is 

suitable and practical for real-time networked control systems.
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6.1 Introduction

With the growth in computing and networking abilities, the Internet has provided a 
powerful tool for distance collaborative work. It can be potentially used in many 
applications, such as tele-training, tele-surgery, museum guidance, surveillance 
cameras, telescopes, manipulators, mobile robots and so on. The emerging network 
technologies have the potential to be used for advanced control systems. The advantages 
of these kinds of control systems are stated as follows: allow remote monitoring and 
tuning of control systems; allow large area distributed control; and allow collaboration 
between skilled system designers and operators situated in geographically diverse 
location. These are not achievable using design methods for conventional control 
systems.

Although the notion of networked control systems is quite new and some theories are 
still in its infancy, there has been increased interest by many researchers worldwide in 
these developments in recent years. Some initial research work has produced promising 
results using small-scale experiment rigs (Halley and Gauld, 1999; Yang and Chen, 
2003a) and web-based control laboratories for distance learning (Overstreet and Tzes, 
1999; Ko et al., 2001). These kinds of control systems involve controlling a plant from 
a remote location through a communication channel. The uncertain communication time 
delay and data packet dropout caused by the routes of the data transmission and the 
network traffic, highly degrade the control performance of networked systems and even 
can result in system instability, if they are designed using conventional control methods. 
Therefore the need is apparent to design an innovative controller which can cope with 
this kind of problems. Recently, more and more attention has been paid to various 
issues of network based control systems, for example, the stability problem in the 

presence of the network delay and data packet dropout (Zhang et al., 2001; Liu et al., 
2005c), the design and implementation problem of the networked control system (Yang 

et al, 2003b; Zhivoglyadov and Middleton, 2003; Chai et al, 2005) and the network 

traffic congestion problem (Wong and Brockett, 1999; Luo and Chen, 2000).
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It is well known that networked control systems are very difficult to control due to its 
random communication time delay and data packet dropout. However, there is an 
advantage in networked control systems, which is that a set of control sequence and 
output measurements can be transmitted from one location to anther location at the 
same time through a network. This advantage is not available in conventional control 
systems. It implies that the design of networked control systems should be different 
from conventional control systems. Model predictive control (MFC) (Clarke et al., 
1987a; 1987b; Rusnak et al., 1996; N0rgaard et al., 2001) can provide a set of future 
control sequence at one time and therefore MFC provides a possible solution to the 
networked control problem. Due to the structure of MFC, this chapter shows that the 
problem caused by the random communication time delay and data packet dropout in 
the forward communication channel can be solved using a control prediction generator 
and a network delay compensator, called networked predictive control (NPC). Using a 
model predictor in the control prediction generator, the random time delay and data 
packet drop in the backward channel can be compensated for as well.

The objective of this chapter is to show how the networked predictive control deals with 
the communication time delay and data packet dropout in both forward and backward 
channels. The stability of the networked predictive control is also addressed for a fixed 
communication time delay in both channels. The real-time forward and backward time 
delay measurements are very crucial and can heavily affect the control performance of 
networked systems for the model based NPC strategy. Therefore a network delay 
measurement method to measure the time delay in both channels has also been 
presented. Off-line simulation and practical experimental results based on a servo motor 
system controlled through both Intranet and Internet demonstrate the feasibility and 
efficiency of the proposed method, which is superior to that of the conventional MFC.
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6.2 Design of NPC Using a Modified MFC

In this chapter, MFC (Clarke et al., 1987a; 1987b) is modified to be suitable for the 

design of the networked predictive control system as shown in Figure 6-1, where the 

controller and the plant are connected by the Internet, which causes the random 

communication time delay and data packet dropout. These dramatically degrade the 
control performance of the networked system. In order to compensate for the random 

time delay and data packet dropout in both forward and backward channels, a 
networked predictive control strategy is used. It consists of two parts: a control 

prediction generator and a network delay compensator. The control prediction generator 
provides the future control signals for the plant and the network delay compensator is 
used to compensate for the unknown random network delay and data packet dropout. A 

set of consecutive control predictions is packed and transmitted to the plant side through 

the forward communication channel at one time. At the same time, the plant output 
measurements are packed and transmitted to the controller side through the backward 
communication channel. During the normal operation without the communication time 
delay and data packet dropout, only the first predicted control signal at each sampling 
instant is applied to the plant, the remaining predicted control signals are just discarded. 
However, when the networked control system is subject to a communication time delay 
and data packet dropout in the forward channel, the control signal generated on the 

remote side is delayed or dropped out through its communication channel to the plant 
side. In this case the predicted control input from the last available sequence is applied 

to the plant to compensate for the time delay and data packet dropout. The 

implementation is as follows.

When the reference signal r(t + d),...,r(t + N2 ) (d is the number of samples 

representing the system time delay) is imposed, the predicted control inputs 

u(t\t\...,u(t + Nu -l\t)ai time t (Nu is the control horizon) are generated using a 

modified MFC and sent to the plant side. Thus at time t, the control sequence subject to
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the forward time delay k, u(t-kt-k\...,u(t + Nu -k-\\t-k) is received and stored 

in the network delay compensator. In order to compensate for the time delay and data 

packet dropout in the forward channel, the (Ar+l)* control input from the latest control 

sequence in the network delay compensator is used. If there are two or more control 

sequences, which arrive at the same time due to the random time delay, the sequence 

with the latest time stamp is used. In order to compensate for the time delay and data 

packet dropout in the backward channel, at time t, the current output measurement y(f) 

and associated previous output measurements y(t-\\...,y(t-ri) (n is the maximum 

number of the system output lag terms) are packed and sent to the controller side. At the 

same time, the output measurements subject to the backward time delay/from the latest 

output sequence received on the controller side, y(t-f),y(t-f-\),...,y(t-f-ri) 

are used to predict the future plant outputs y(t + d\...,y(t + N2 ) (d is the number of 

samples representing the system time delay) using the Diophantine equation in the 

control prediction generator, thus compensating for the time delay and data packet 

dropout hi the backward channel.
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Figure 6-1. The networked predictive control system using a modified MFC. 

6.2.1 Design of the Control Prediction Generator

Design of the control prediction generator is based on a modified MFC under the 

following assumptions:
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(i) The network delay in the forward and backward channels is k and/, respectively 

and both of them are bounded.

(ii) The number of consecutive data packet dropout and the network delay in the 

forward communication channel is not greater than the number of maximum 

predicted control input Nu .

(iii) The data transmitted through the network is with a time stamp.

For the sake of the convenience of the readers, equations (6-1) to (6-4) are included 

here, although they appear in Chapter 4.

Consider a SISO (single-input and single-out) discrete-time plant described as follows: 

z-<B(z-l )u(t) (6-1)

where

(6-2)

In MFC, the future control trajectory can be found by minimising the following 

function:

Y
k=N,

J(t,U(t))= Y [r(t + k)-y(t + k)}2 +p£[A«(* + *-l)] 2 (6-3)

with respect to the Nu future control inputs and subject to the control constraint 

respectively
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(6-4)
Nu <k<N2 -d

where AT] denotes the minimum prediction horizon, N2 the maximum prediction horizon 

and Nu the control horizon, p is the weight factor and d is the number of samples 

representing the system time delay. In order to derive a predictor, the following 

Diophantine equation is used.

(6-5)

where the polynomial Ek (z~l ) is of order k-\ and Ft (z~')is of order n. If there exists a 

time delay /in the backward channel, in order to compensate for this backward time 

delay, using above Diophantine equation, the future predictions y(t + d),...,y(t + N2 ) 

are obtained using the delayed output measurements, past and future increment inputs, 

and future references by predicting d + f to N2 +f step ahead based on the delayed 

output measurements.

(6-6) 

= Gt (z-1 )A«(f - / + k - d) + z k~d [Gk (z-1 ) - Gk (z-1 )] Au(t -f) + Fk (z~l )y(t - /)

for d + f<k<N2 +f

where

^ , _K p / -lM>/ -U ,^,-lj. J-rr ,1-*-"GA (z ) = Ek (z )B(z ) = gQ +giZ +--- + gk-\+m 2
(6-7)

G*(^"l ) = «o'
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then

= Gk d~f [Gk (z-1 ) - Gk
(6-8)

Fk (z'1 )y(t -

Minimising the performance function in equation (6-3), the future increment control 

input vector using a modified MFC is obtained.

= [rrr+p/^
(6-9)

where

r =
8o
Si

gN2 -d

0

go

g»^ - 6

0
0

X-rf-JV.,+1

(6-10)

(6-11)

(6-12)

(6-13)
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Based on these future increment control inputs defined in equation (6-9), the control 

prediction sequence can be determined by

(R(0 -

u(t-iy 

u(t-\) +AI/(/IO+—+AM(/ + JV -
(6-14)

u(f - lf - 1) - F(z~l )y(t -

where u(t+i\f) is the i-th step ahead control prediction at time /, and the matrix H is

~ Hl '
H,

HHm _

=

"1 0 •-•
1 1 •••

1 1 •••

0'

0
1

(6-15)

6.2.2 Design of the Network Delay Compensator

In order to compensate for the random communication time delay and data packet 

dropout in the forward channel, which are assumed to be no greater than the length of 

the predicted control sequence, a network delay compensator is proposed. It is assumed 

that all the predicted control inputs at the current time are packed and sent to the plant. 

Then the network delay compensator chooses the control value from the latest control 

sequence available on the plant side. For example if the following predicted control 

sequences are received on the plant side at time /:
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-A:, +lt-kt ) 

«(/!*-*,)

#„-*,-!!/-*,)

u(t-k2 +I\t-k2 )
u(t-kt \t-kt ) 

u(t~kt + \\t-kt )

(6-16)

where the control values u(t\t-kt ) for i = 1, 2,---,? are available, then the control input 

of the plant at time f is chosen from the latest control sequence as follows:

(6-17)

6.2.3 Implementation Procedure of NPC

Following the above subsections, NPC using a modified MFC can be implemented in 

the following steps:

Step (1) Design the parameters (N\, N2, Nu and p) of MFC to obtain the desired 

control performance without considering the network delay and data packet 

dropout.

Step (2) Use the same MFC parameters, the control prediction sequence defined in 

equation (6-14) is obtained, based on the past inputs, the past outputs and 

the future references.

Step (3) Transmit this predicted control sequence to the plant side through the 

communication channel.

Step (4) Choose the control input from the network delay compensator in accordance 

with equation (6-17).
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6.3 Stability Analysis of NPC Using a Modified MFC

Optimal control performance is desirable for most industrial control systems. However, 

stability is of greater importance. The networked control system due to its forward and 

backward communication time delay and data packet dropout presents a real challenge 

in this area. Liu et al. (2005c) addressed this problem using a state space form. In this 

paper the system stability issue for both fixed and random network delay has been 

solved and some analytical criteria have been obtained. It showed that a closed-loop 

system with a bounded random network delay is stable if the corresponding switched 

system is stable. This chapter deals with the network delay and data packet dropout 

problems of the networked control systems using a modified MFC. It is really difficult 

to analyse the stability issue for the random network delay case since it is not possible 

to obtain the system transfer function in the polynomial form due to the random 

network delay. Therefore, this section will only consider a fixed network delay in both 

forward and backward channels to analyse the stability of the networked control 

systems.

It is assumed that there exists a fixed network delay k and/in the forward and backward 

channel respectively. The first predicted control input can be obtained using equation 

(6-14) from the previous section.

(6-18)

Then

(6-19)

Using equations (6-14) and (6-19), a fc-step ahead control prediction at time t is 

expressed by
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f) (6-20) 
«(r|/) + HMR(t) - HMF(z-1 )z

then

, ,. . H.z~l + Hk+lAR(t) - F(z u(t + kit) = -^-J————*+1 A ,——^ |y --1

If this input signal is applied to the system defined in equation (6-1), i.e. 

u(t + k) = u(t + k\t) , then the system will be

} )y(t + d + k) = B(z~l )u(t + k)
(6-22)

So the closed-loop system is

H ,G(z-' )z-] ^(z-1 )z rf+*XO + B(z~l )(//,z-' + Hk+l A)F(z-1 )z~f y(t)

(6-23)

giving the following closed-loop stability criterion equation

I )Z-/"'~* =0 (6-24)

If all the roots of above equation are within the unit circle, the closed-loop networked 

predictive control system is stable, otherwise, the system is unstable.
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6.4 Simulations of NPC Applied to a Servo Motor System

In order to validate the proposed NPC using a modified MFC, a servo motor system, 
which consists of dc motor, load plate, speed and angle sensors, is considered. The 
control system is designed to drive the load plate to a pre-set angle. The servo motor 
system is identified using the least squares method. The estimated discrete time domain 
model (sampling period 0.04s) is defined in equation (6-25). This model is used to 
predict the future output of the servo motor system for both Intranet and Internet based 
simulations and practical experiments using the proposed NPC with a modified MFC.

-1 I 1 '1£O'->T7_-2-0.00886z-'+1.268227z 
1-1.661682-'+0.663 lz~

The network delay, whether fixed or random, will degrade the control performance of 
the networked system and can even cause the system to become unstable if the network 
delay is not compensated for. In order to test the performance of NPC using a modified 
MPC, off-line simulations without considering model uncertainties have been carried 
out for a servo motor system controlled through both Intranet and Internet.

6.4.1 Simulations through Intranet

According to the practical experiment using the network delay measurement method 
proposed by Chai et al. (2005), which is going to be presented in subsection 6.5.2, the 
network delay in the Intranet based control system is relatively constant. A 1-step fixed 
time delay is detected in both forward and backward channels and is used for the 
simulations of the Intranet based control system. Since the Intranet based control system 
usually has less communication time delay than that of the Internet based control 

system, the controller is initially designed to cope with short communication time delay. 

The MPC parameters are then set to N, =l,N2 =12,NU = 10,p = 10000, which
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guarantee a stable system within a 2-step fixed time delay in both forward and backward 

channels using the closed-loop stability criterion equation (6-24).

When a 1-step fixed forward and backward time delay is used for the simulations of the 

Intranet based servo motor control system, the simulation result for this system using 

the conventional MFC without considering the network delay compensation is shown in 

Figure 6-2, where it can be seen that the system response has more overshoot and is 

more oscillatory. This indicates that the conventional MFC is not capable of controlling 

the networked system very well. The control performance using the proposed NPC with 

a modified MFC is shown in Figure 6-3, where it can be seen that the control 

performance of the Intranet based control using the proposed method has nearly the 

same performance as that under the local control. This is also demonstrated in Table 6- 

3, where both of them have very similar overshoot and settling time. So the proposed 

NPC using a modified MFC has a better control performance than that using the 

conventional MFC for the Intranet based control systems.

-40

—— No delay compensation
• • • • Reference

6 
Time(s)

10 12024

Figure 6-2. The step response of the conventional MFC without considering the 

network delay compensation.
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Figure 6-3. The step responses of the local control and the Intranet based predictive 

control using a modified MFC for a 1-step fixed forward and backward time delay.

To validate the closed-loop stability criterion of equation (6-24), the maximum fixed 

forward time delay against the different fixed backward time delay to guarantee a stable 

system is shown in Table 6-1. The closed-loop poles for the different fixed forward and 

backward time delay are shown in Table 6-2, where bold poles indicate that they are out 

of the unit circle. Clearly the simulation results presented in Figure 6-4 are consistent 

with those given by the analytical closed-loop stability criterion, where a 2-step fixed 

forward and a 3-step fixed backward time delay gives a stable system, and a 3-step fixed 

time delay in both forward and backward channels results in an unstable system.

TABLE 6-1

THE MAXIMUM FIXED FORWARD TIME DELAY AGAINST THE DIFFERENT 

FIXED BACKWARD TIME DELAY TO GUARANTEE A STABLE SYSTEM

Backward time delay 0 1

Forward time delay
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TABLE 6-2

POLES OF THE CLOSED-LOOP SYSTEM WITH THE FIXED FORWARD TIME 

DELAY k AND THE FIXED BACKWARD TIME DELAY/
*=0;/=0 *=!;/=! 

-0.51243 + 0.6352310
0

0.89169+ 0.14437i
0.89169-0.14437i

0.66007

-0.51243-0.63523i 

0.88776 + 0.147141 
0.88776 - 0.147141 
0.51598 + 0.346381 
0.51598-0.346381 

0.66083

-0.8107+0.439661
-0.8107-0.439661

0.062678 + 0.974291
0.062678 - 0.974291
0.87085 + 0.160581
0.87085-0.160581
0.76752 + 0.260361
0.76752 - 0.260361

0.66276

-0.90691 + 0.406221
-0.90691 - 0.406221
-0.38105 + 0.892771
-0.38105-0.892771
0.4356 + 0.939391

0.4356 - 0.939391

0.92544 + 0.225751
0.92544 - 0.225751
0.8165 + 0.116591
0.8165-0.116591

0.66427
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Figure 6-4. The step responses of NPC using a modified MFC for (a) a 2-step fixed 

forward and a 3-step fixed backward time delay, (b) a 3-step fixed time delay in both 

forward and backward channels.
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6.4.2 Simulations through Internet

From the practical experiment using the network delay measurement method (Chai et 

al., 2005), the network delay for the Internet based control experiment is a random time 

delay which is between 5-step to 7- step. This will be used for the simulations of the 

Internet based servo motor control system. The MFC parameters are then reset to 

Nt =l,N2 -25,NU = 10,p = 450000, which can give a stable system within a 8-step 

fixed forward and backward time delay using the closed-loop stability criterion equation 

(6-24), thus coping with a bigger step ahead than that using the MFC parameters for 

Intranet based control system. Although the stability of the networked predictive control 

system for the random communication time delay case has not been solved yet, using 

the closed-loop stability criterion for the fixed time delay case can however give some 

guidelines on how to design the modified MFC parameters for the Internet based control 

system.

The simulation result of the Internet based servo motor control system using the 

conventional MFC without considering the network delay compensation is shown in 

Figure 6-5, where the system is unstable. In order to improve the performance of the 

Internet based control system, the proposed NPC using a modified MFC is used. Its 

control performance is shown in Figure 6-6, where it can be seen that the system is not 

only stable but also has the similar control performance as that under the local control. 

This is also shown in Table 6-4, where both NPC using a modified MFC and local 

control have similar overshoot and settling time. The difference in control performance 

using NPC with a modified MFC and local control is because the predicted control 

inputs applied to the system using NPC with a modified MPC are slightly different to 

the control inputs under the local control. But the important point to note is that the 

proposed NPC using a modified MPC is capable of compensating for the network delay 

and data packet dropout for the Internet based control systems.
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Figure 6-5. The step response of the conventional MFC without considering the 

network delay compensation.
60 

50 

40 

30 

'3* 20

S. 10 
a
CD

< 0

-10

-20

-30

-40

—— Internet control
- - Local control
• • • • • Reference

6 
Time(s)

10 12

Figure 6-6. The step responses of the local control and the Internet based predictive 

control using a modified MFC for a 5-step to 7-step random forward and backward time 

delay.
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6.5 Practical Experiments of NPC Applied to a Servo Motor 

System

To apply the networked predictive control strategy to practical systems, a networked 

control test rig is built and a network delay measurement method is presented.

6.5.1 Networked Control Test Rig

A networked control test rig consisting of a networked controller board (NCB), a 

networked implementation board (NIB) and a servo motor system (Chai et al., 2005) is 

shown in Figure 6-7. Both NCB and NIB have the same hardware structure. The NCB is 

located remotely and implements the proposed networked predictive control algorithms 

to provide the future control input signals. The NIB is on the plant side and acts as the 

networked delay compensator. NCB and NIB also cooperate together to measure the 

actual network delay in both forward and backward channels using the network delay 

measurement method proposed by Chai et al. (2005), which is going to be presented hi 

subsection 6.5.2.

Networked Controller Board Servo Motor System

Figure 6-7. Networked servo motor control system.

The kernel chip of the networked controller board and the networked implementation 

board is Samsung S3C4510B. It is a cost-effective, high-performance microcontroller 

solution for the Ethernet-based systems. An integrated Ethernet controller S3C4510B is
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designed and used to manage communication hubs and routers (Eccles, 1998). The 

S3C4510B can operate at either 100-Mbits or 10-Mbits per second in half duplex or 
full-duplex mode. The networked implementation board has eight 12-bit A/D channels 
and two 16-bit D/A channels.

The implementation diagram of the networked control system is shown in Figure 6-8. In 
order to increase the communication speed for networked control systems, the user 
datagram protocol (UDP) is adopted (Mill, 1991). This protocol offers a direct way to 
send and receive data packet over an IP network. It has a higher speed, which is very 
important for networked control systems that need a fast communication between the 
remote controller and the plant. The sampling period for the networked servo motor 
control system is 0.04s.

Predictive Control Signal 
Delayed Output Signal

Reference 
Measure Signal

Figure 6-8. The implementation diagram of the networked control system.

6.5.2 Network Delay Measurement Method

Since a networked control system operates over a network, data transfers between the 

remote controller and the networked control system will cause the network delay in
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addition to the controller processing delay. Since the controller processing delay is very 

small compared with the network delay, the controller processing delay is neglected. 

The accuracy of the network delay measurement significantly affects the performance 

of the networked control system, therefore measuring the network delay accurately is of 
great importance to this problem. The network delay measurement of the networked 

control system can be achieved by software (Chai et al., 2005). The procedure is as 
follows: two network delay measure signals are employed in the control system loop to 

calculate the network delay in both forward and backward channels, as shown in Figure 
6-9.

The signals used for measuring the network delay are periodic sequence signals with a 

10-second period and the amplitude changing linearly between a minimum value of 1 
and a maximum value of 250, as shown in Figure 6-10. It is assumed that the network 
delay in both forward and backward channels is the same during the procedure of either 

measuring the forward time delay or measuring the backward time delay. Then, the 

network delay can be derived as follows:

and

(6-27)

where N^, is the measured backward time delay used in the control prediction 

generator, T^ is the time instant that the networked control board (NCB) encapsulates 

the control signal to a packet A to be sent to the networked implementation board (NIB) 

and T is the time instant that the NCB starts processing the output measurement,
csr

which is encapsulated with the delivered packet A at the NIB. Similarly, Nu is the
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measured forward time delay used in the network delay compensator, Tiss is the time 

instant that the NIB encapsulates the output measurement to a packet B to be sent to the 

NCB and T^r is the time instant that the NIB starts processing the control signal, which 

is encapsulated with the delivered packet B at the NCB.

Figure 6-9. The diagram of measuring the network delay.

" i'i'2345678910 11 12 13 14 15 16 17 18 19 20

Time(s)

Figure 6-10. The signal used for measuring the network delay.
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6.5.3 Practical Experiments through Intranet

For the Intranet based servo motor control experiments, the NCB with IP address 

193.63.131.15 and the NIB with IP address 193.63.131.219 were put under the same 

subnet in the University of Glamorgan, UK. The network delay between these two 

boards is relatively constant using the proposed network delay measurement method. 

There is a 1-step fixed time delay (40ms) detected in both forward and backward 

communication channels.

The MPC parameters Nt = 1,N2 = \2,NU = 10,p = 10000 which are the same as those

used for the Intranet based simulations are used for the Intranet based servo motor 

control experiments. The step response using the conventional MPC without 

considering the network delay compensation is shown in Figure 6-11, which shows a 

greater overshoot and an oscillatory response. This is similar to the simulation result of 

Figure 6-2. However using the proposed NPC with a modified MPC, the step response 

shown in Figure 6-12 not only has a small overshoot but also is very similar to that 

under the local control and the simulation results of Figure 6-3. This is also 

demonstrated in Table 6-3, where only 12.81% and 8.56% overshoot occurs for the 

local control and NPC using a modified MPC respectively. It clearly shows that NPC 

using a modified MPC can efficiently compensate for the Intranet based time delay and 

data packet dropout for the networked control systems.
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Time(s)

14 16 18 20

Figure 6-11. The experimental result of the conventional MFC without considering the 

network delay compensation.
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Figure 6-12. The experimental results of the local control and the Intranet based 

predictive control using a modified MFC for a 1-step fixed forward and backward time 

delay.
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TABLE 6-3

COMPARISON OF STABILITY, OVERSHOOT AND SETTLING TIME FOR THE 

INTRANET BASED CONTROL SIMULATIONS AND EXPERIMENTS

Simulations and experiments

Simulation of conventional MPC

Experiment of conventional MPC

Simulation of local control

Experiment of local control

Simulation of NPC-MMPC

Experiment of NPC-MMPC

Stability

stable
stable

stable
stable

stable
stable

Overshoot (%)

26.51
50.75

10.45
12.18

10.45
8.56

Settling time

2.64
6.27

1.44
2.59
1.42
1.22

(s)

NPC-MMPC: Networked predictive control using a modified MPC. 

6.5.4 Practical Experiments through Internet

For the Internet based control experiments, the NCB and the NIB were put at different 

subnets. The NCB with IP address 159.226.21.191 was physically located in Chinese 

Academy of Sciences, Beijing, P. R. China. The NIB with IP address 193.63.131.219 

was placed at the University of Glamorgan, UK. There is a 5-step to 7-step random time 

delay (200ms-280ms) and data packet drop detected between these two boards using the 

previously proposed network delay measurement method. An example of the real-time 

network delay and data packet dropout is shown in Figure 6-13.

The MPC parameters Nt =1,N2 = 25, Nu = 10, p = 450000 which are the same as those 

used for the Internet based simulations are used for the Internet based servo motor 

control experiments. Because the Internet based time delay is more than 5 steps in both 

channels, the system is unstable using the conventional MPC without considering the 

network delay compensation as shown in Figure 6-14. This agrees with the simulation 

result of Figure 6-5. If the proposed NPC using a modified MPC is applied to this servo
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motor system, the control performance is shown in Figure 6-15, where it can be seen 

that the system not only is stable, but also has very similar control performance as that 

under the local control and simulation results of Figure 6-6. This is also shown in Table 

6-4, where only 14.55% and 10.47% overshoot occurs for the local control and NPC 

using a modified MFC respectively. It can be seen that the settling time in the practical 

experiments is slightly longer than that in the simulations for both local control and 

NPC using a modified MFC. This is due to the dead zone and the bandwidth limit of 
this servo motor system, thus taking slightly longer time to reach to the steady state. But 
the most important point to note is that NPC using a modified MFC has a very similar 

control performance to that under the local control. It demonstrates that NPC using a 
modified MFC can actively compensate for the Internet based time delay and data 
packet dropout problems for the networked control systems.

8.&
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Figure 6-13. Real-time measurement of the Internet based time delay step (solid) and 

data packet dropout (circle).
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Figure 6-14. The experimental result of the conventional MFC without considering the 

network delay compensation.
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Figure 6-15. The experimental results of the local control and the Internet based 

predictive control using a modified MFC for a 5-step to 7-step random forward and 

backward time delay.
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TABLE 6-4

COMPARISON OF STABILITY, OVERSHOOT AND SETTLING TIME FOR THE 
INTERNET BASED CONTROL SIMULATIONS AND EXPERIMENTS

Simulations and experiments
Simulation of conventional MPC 
Experiment of conventional MPC
Simulation of local control 
Experiment of local control
Simulation of NPC-MMPC 
Experiment of NPC-MMPC

Stability
unstable 
unstable

stable 
stable

stable 
stable

Overshoot (%)

—

12.75 
14.55

15.20 
10.47

Settling time

—

3.07 
7.80
3.84 
8.21

(s)

NPC-MMPC: Networked predictive control using a modified MPC.

6.6 Conclusions

This chapter has presented a novel networked predictive controller using a modified 
MPC to compensate for the random communication time delay and data packet dropout 
in both forward and backward channels for the networked systems. It has been shown 
that such an implementation can overcome the instability inherent in the system due to 
the network delay and data packet dropout. This is achieved by using a control 
prediction generator and a network delay compensator. The control prediction generator 
was used to generate the future control sequence and the network delay compensator 
was used to choose the control input from these future control sequences when the input 
signal was delayed or data dropout occurred in the forward communication channel. 
Thus the forward communication time delay and data packet dropout can be 
compensated for. Meanwhile, the time delay and data packet dropout in the backward 
channel can also be compensated for by predicting the future outputs using the 
Diophantine equation, the delayed output measurements, past and future increment 
inputs, and future references. The stability of such systems with a fixed time delay in
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both forward and backward channels was discussed. An analytical stability criterion has 

also been obtained. The simulation results are consistent with those given by the 

analytical closed-loop stability criterion, which can be used for tuning the MFC 

parameters to guarantee a stable system for the fixed Intranet based time delay. For the 

random Internet based time delay case, the stability issue has not been fully solved yet 

because the polynomial form is difficult to solve when the delay is random. However 

using the fixed time delay stability criterion can give some guidelines on how to choose 

the parameters of the modified MFC for the Internet based control system.

The measurement of the network delay has also been addressed. Two network delay 

measure signals were employed in the control system loop to calculate the network 

delay in the forward and backward channel respectively. The networked control test rig 

was presented and used for the implementation of a servo motor system controlled 

through two different networks, Intranet and Internet. For the Intranet based control 

experiments, the networked control board (NCB) and the networked implementation 

board (NIB) were put under the same subnet in the University of Glamorgan, UK. A 1- 

step fixed time delay was detected in both forward and backward channels using the 

proposed network delay measurement method. For the Internet based control 

experiments, the NCB was physically located in Chinese Academy of Sciences, Beijing, 

P. R. China and the NIB was placed at the University of Glamorgan, UK. The network 

delay between these two boards is a 5-step to 7-step random time delay using the 

proposed network delay measurement method.

Both the simulation and practical experimental results showed that for the Intranet 

based servo motor control system, the system has more overshoot and oscillation using 

the conventional MFC method without considering the network delay compensation. 

However, using NPC with a modified MFC the system not only has significantly less 

overshoot but also has a very similar control performance as that under the local control. 

For the Internet based servo motor control system, the system is unstable using the 

conventional MFC in both simulations and practical experiments. Using NPC with a
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modified MFC, the system not only is stable but also has a very small overshoot. Due to 

the dead zone and the bandwidth limit of the servo motor system, which result slightly 

longer time to reach to the steady state, the settling time in the practical experiments is 

slightly longer than that in the simulations for both local control and NPC with a 

modified MFC. It is also shown that the difference in control performance using NPC 

with a modified MFC and local control is because the predicted control inputs applied 

to the system using NPC with a modified MFC are slightly different to the control 

inputs under the local control. But the most important point to note is that both local 
control and NPC with a modified MFC have very similar control performance. So the 

proposed NPC using a modified MFC can efficiently compensate for the network delay 
and data packet dropout for both Intranet and Internet based control systems.



Chapter VII

Networked Predictive Control Using a Generic Polynomial

Method

Abstract - This chapter considers the design of the networked predictive control (NPC) 

using a generic polynomial method to compensate for the random network delay and 
data packet dropout in both forward and backward communication channels for the 
networked systems. It also addresses the stability of such systems for the case of a fixed 

network delay. The key parts of NPC using a generic polynomial method are the control 
prediction generator that provides a set of future control signals and the network delay 

compensator that removes the forward communication time delay and data packet 
dropout. The network delay and data packet dropout in the backward channel can also 
be compensated for by using a model predictor in the control prediction generator. An 
analytical stability criterion of the networked predictive control systems is derived for a 
fixed network delay. Off-line simulation and practical experimental results based on a 

servo motor system controlled through both Intranet and Internet show that the control 
performance is superior using the proposed NPC with a generic polynomial method to 

that using the conventional polynomial method.

179
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7.1 Introduction

It has been seen from Chapter 6 that the random network delay and data packet dropout 

make the design of networked control systems very challenging. To deal with this 

problem, networked predictive control using a modified MFC has been presented in 

Chapter 6. It has been shown from both theoretical and practical results that this 

produces a superior control performance. In this chapter, another networked predictive 

control implementation is presented based on a more generic polynomial method, such 

as PID and LQG, to deal with the random network delay and data packet dropout. Using 

appropriate analysis, a stability criterion for a fixed network delay using the proposed 

NPC with a generic polynomial method is derived. The stability criterion can give some 

guidelines on how to tune the generic polynomial controller parameters of NPC for the 

networked systems. Off-line simulation and practical experimental results for a servo 

motor system controlled through both Intranet and Internet using the proposed NPC 

with a generic polynomial method are presented. It is shown that a superior control 

performance is achieved using NPC with a generic polynomial method compared with 

that using the conventional polynomial method.

7.2 Design of NPC Using a Generic Polynomial Method

To compensate for an unknown network delay and data packet dropout for networked 

control systems, a networked predictive controller is proposed and shown in Figure 7-1. 

It consists of two parts: a control prediction generator and a network delay compensator. 

The former is designed to generate a set of future control signals and the latter is used to 

compensate for the unknown random network delay and data packet dropout in the 

forward channel. The network delay and data packet dropout in the backward channel 

can also be compensated for by using a model predictor and the Diophantine equation in 

the control prediction generator based on the delayed output measurements, past control 

inputs and past references. To make use of the network advantage of transmitting data
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packets, a set of consecutive control predictions is packed and transmitted through the 

network to the plant side at one time. At the same time, the current and previous output 

measurements are packed and transmitted through the network to the networked 

predictive controller side. Therefore the networked predictive control structure using a 

generic polynomial method shown in Figure 7-1 is similar to NPC using a modified 

MFC. The difference between the two methods is that the algorithms used to generate 

the future control signals are different.

Figure 7-1. The networked predictive control system using a generic polynomial 

method.

7.2.1 Design of the Control Prediction Generator

Let Ji[z~l ,p] denotes the set of polynomials in the indeterminate z" 1 with the 

coefficients in the real numbers and with the order p in a set of non-negative integer 

numbers. For example, the polynomial Ak (z~ l )& 9?[z~',«] represents 

^ (z -i ) = akQ +akl z~l +ak 2 z~2 + • • • + ak n z~". For the sake of simplicity, the 

following assumptions are made:

(i) The network delay in the forward and backward channels is k and/, respectively, 

and both of them are bounded.
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(ii) The number of the consecutive data packet dropout and the network delay in the 
forward channel is not greater than the maximum number of the control 
prediction N.

(iii) The data transmitted through the network is with a time stamp.

Consider a single-input and single-output (SISO) discrete-time plant described as 
follows:

(7-1)

where y(t) and «(/) are the output and the control input of the plant respectively, d is the 

number of samples representing the system time delay, A(z~ l )e ^i[z~ l ,n] and 

5(z"')e SR[z"',/w] are the polynomials of the system denominator and numerator. If 

there is no network delay and data packet dropout, many conventional control design 
methods are available for the plant in equation (7-1). In the case of a polynomial 
controller for a system without the network delay and data packet dropout:

C(z~l XO = D(z-' )e(t + d) (7-2)

where the polynomials C(z ~l ) e SK[z ~' , nc ] and D(z ~l ) e 9l[z "' , nd ] , and 

e(t + d) = r(t + d)- y(t + d) is the error signal between the future reference r(t+d) and 

the output prediction y(t + d) .

To compensate for the network delay and data packet dropout, the control prediction 

sequence u(t + i\t) (i = 0,1,2,..., N) at time / is generated by

C(z~} )u(t + /|/) = D(z~ } )e(t + d + i\t) (?-3 >
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and the error prediction e(t+d+i\t) at time t is defined as

d + i\t) (7-4)

where y(t + d + i\t) is the output prediction at time / and r(t+d+i) is the future 

reference. For the sake of simplicity, the following operations are defined:

x(t-i\t- f) = z~l x(t - i + 1 1 / - i + 1) , for i= 1, 2, .... / (7-5) 

x(t + i | 0 = z~l x(t + i + 1 1 0 , for i=Q, I, 2, ... (7-6) 

where jc(.) represents y(.) or M(.).

For i = \,2,...,N , at time t, if the network delay in the backward channel is f, to 

compensate for this backward time delay, the following Diophantine equation is used.

A(z~l )Et (z-1 ) + z-'-'F, (z- 1 ) = 1 (7-7)

where the polynomials £; (z~') e 5R[z~',/ + /-l] and F; (z~')e SR[z "',«-!]. It is clear 

from the assumptions made that the past outputs up to time t — f are available on the 

control prediction generator side at time t. Combining the above Diophantine equation 

and the controlled plant yields the following output predicitions at t:

Fd (z-1 )y(t - /) + B(z~ l )Ed (z"1 )«(/ 1 /)
) = F (z-1 )X/ - /) + B(z~l )Ed+l (z-1 )u(t + 1 1 0d+l

\t) = Fd+N (z-1 )X/ ~ /) + B(z~l )Ed+N (z~l X' 

which can be compacted as
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TV | 0

y(t-f)+ (7-9)

The second term on the right side of the above equation can be separated into two parts: 

the first part contains the past control sequence before time t and the second part 
includes the predicted control sequence. So, let

(*'>(' 10

u(t-\\t-\)

«(*!/) 
(t + \\t)

(7-10)

where the polynomial Gt (z~')e <R[z~l ,m + f + d -2] and the matrix

Y(t + d\ty =

where

G(z ~ l

U(t | 0 = «(/1 0, «

(7-11)

(7-12) 

(7-13) 

(7-14) 

(7-15)
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Using the controller designed for the system without considering the network delay and 

data packet dropout, it is clear that the future control sequence can be expressed by

C(z~l }U(t \ 0 = D(z-! )*(; + d)-Y(t + d\ /) (7-16)

where

The term C(z~' )U(t \ t) can also be separated into two parts: the first part contains the 

past control sequence before time t and the second part includes the predicted control 

sequence. Then, let

C(z-' }U(t \ /) = H(z~l )ti(t - 11 1 - 1) + LU(t | /) (7-17)

where

the polynomial tf,.(*~') e ^[z'1 ,max{nc -i-1,0}] and the matrix L e 

Combining equations (7-11), (7-16) and (7-17) gives

Let
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where

the polynomial r( (z"')€ 

M e SR (" +1)X("+1) . As a result,
1 ,msai{nd +m + f + J-2,0}] and the matrix

U(t\t) = (L + MTl \ (7-20)

Therefore, the predicted control sequence can be determined by the following predictive 

controller:

N \ 0

(*"'

(7-21)

y(t-f>-

where
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and the polynomial P,(z~l )e N],

-/-!, nd +m + f + ct -2,

1 ,nd +n-l] and

7.2.2 Design of the Network Delay Compensator

In order to compensate for the random network delay and data packet dropout in the 

forward channel, a network delay compensator is proposed. A very important 

characteristic of the network is that it can transmit a set of data at the same time. Thus, it 

is assumed that all the predicted control inputs at time t are packed and sent to the plant 
side through the network. The network delay compensator chooses the control value 

from the latest control sequence available on the plant side. For example, if the 

following predicted control sequences are received on the plant side at time /:

«(/-*,!/-*,)" 
t-kt + \\t-kl )

«(/!*-*,) >

u(t -k2 \t 
u(t - k2 + 1 1 1

u(t\t

U (t + N-k2 \t

-k2 ) 
-k2 )

-k2 )

-*2 ).

) " " " 9

u(t-k,\t-kt )
u(t - k, + 1 1 1 - k, )

u(t\t-k,)

N-k,\t-kt )

(7-22)

where the control values u(t \t-kj for / = 1, 2, .., t, are available, then the control 

input of the plant at time t is chosen from the latest control sequence and is defined as 

follows

k2 , (7-23)
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7.2.3 Implementation Procedure of NPC

Following the above subsections, NPC using a generic polynomial method can be 
implemented in the following steps:

Step (1) Design a controller of the system without considering the network delay 
and data packet dropout to satisfy the system requirements using the 
conventional control methods, for example, a polynomial controller 
defined in equation (7-2).

Step (2) Calculate the control prediction sequence defined in equation (7-21) using 
the control prediction generator.

Step (3) Transmit this control prediction sequence to the plant side through a 
network at each sampling time.

Step (4) Apply the network delay compensator to choose the control input for the 
plant in accordance with equation (7-23).

7.3 Stability Analysis of NPC Using a Generic Polynomial 
Method

The stability of a closed-loop system is the most important issue in the design of the 
networked control systems due to its random communication time delay and data packet 
dropout, which can degrade the contol performance of the networked systems, even 
cause the sysetm to become unstable. It is very difficult to analyse the stability issue for 
the proposed NPC using a generic polynomial method since the closed-loop transfer 

function in the polynomial form can not be obtained due to the random time delay and 
data packet dropout. In this section, only the stability of NPC using a generic 

polynomial method in the case of a fixed network delay is considered.
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It is assumed that the network delay k and / in the forward and backward channels 

respectively is fixed. Using the control prediction sequence defined in equation (7-21), 

the first predicted control input is obtained as follows:

u(t \t) = P0 (z-1 )r(f + d + N) - Q0 (z-1 )y(t -f)-S0 (z~l )«(/ -11 / -1) (7-24)

Then

(7.25)

Using equations (7-21) and (7-25), a k-step ahead predicted control input at time t is 

expressed by

(7.26)

As there exists a fixed forward time delay k, the above predicted control signal at time t 

will reach to the plant side at time t+k. In order to compensate for the network delay, at 

time t+k, the control input applied to the plant is taken from the network delay 

compensator and is defined as follows:

(7-27) 

Thus, the closed-loop system is
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l ~} ~lA(zT )y(t + d + k) = B(z~} )u(t + k) = B(z

D/ -i, Qk (z~l ) + Qk (z'1 )S0 (z-1 )z~' - Q0 (z~l )Sk (z'1 )z~' , ^-B(z )————*—, o ._-i. -i ——*———y(t-n

Clearly the closed-loop characteristic equation is given by

(7-29)

Therefore, if the roots of the above characteristic equation are within the unit circle, the 
system is stable, otherwise, it is an unstable system.

7.4 Simulations of NPC Applied to a Servo Motor System

In order to validate NPC using a generic polynomial method, a servo motor system, 
which was presented in Chapter 6, is used for both simulations and practical 
experiments through both Intranet and Internet. Since this method highly depends on the 
accuracy of the system model, this servo motor system was identified in the discrete 
time domain (sampling period 0.04s) and defined as follows:

_, = -0.00886Z"1 +1.268227z"2 (7_30) 
'~ 1 -1.66168z-! + 0.663 lz'2

As indicated in Chapter 6, if there exists a network delay and data packet dropout, the 
control performance is degraded without considering the network delay compensation.
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In order to test the control performance of the networked systems using the proposed 

NPC with a generic polynomial method, off-line simulations have been firstly carried 

out for both Intranet and Internet based servo motor control system. These illustrate the 

improvement in the control performance using NPC with a generic polynomial method 

and also provide some insights for real-time implementation.
i

7.4.1 Simulations through Intranet

A polynomial PI controller is proposed to control this servo motor system through the 

Intranet. Chapter 6 showed that the network delay in both forward and backward 

channels is relatively constant, a 1-step fixed time delay in both channels is detected 

using real-time experiments. Firstly a discrete PI controller is designed and defined in 

equation (7-31), which not only provides a good control performance for this system 

without considering the network delay and data packet dropout, but also guarantees a 

stable system within a 4-step fixed time delay in both channels using the closed-loop 

stability criterion defined in equation (7-29).

0.0475 -0.047Z-1
C(z)

A 1-step fixed time delay in both channels is then considered in the simulations of the 

Intranet based servo motor control system. The simulation result for this system using 

the conventional PI controller without considering the network delay compensation is 

shown in Figure 7-2. The system responses of the local control and the Intranet based 

control using the proposed NPC with a generic polynomial method are shown in Figure 

7-3. It can be seen that the control performance using the proposed NPC with a generic 

polynomial method is the same as that under the local control and both of them have a 

very small overshoot. This is also demonstrated in Table 7-3, where the overshoot and 

settling time are the same using both methods. However, using the conventional PI 

controller without considering the network delay compensation the system has a large
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overshoot. So the proposed NPC using a generic polynomial method has a better control 

performance than that using the conventional PI controller.
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Figure 7-2. The step response of the conventional PI controller without considering the 

network delay compensation.
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Figure 7-3. The step responses of the local control and the Intranet based predictive 

control using a generic polynomial method for a 1-step fixed forward and backward 

time delay.
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To validate the closed-loop stability criterion defined in equation (7-29), the maximum 

fixed forward time delay against the different fixed backward time delay to guarantee a 

stable system is shown in Table 7-1. The closed-loop poles for the different fixed 

forward and backward time delay are shown in Table 7-2, where the bold poles indicate 

that they lie outside the unit circle and an unstable system will occur. Clearly the 

simulation results shown in Figure 7-4 are consistent with Tables 7-1 and 7-2 given by 

the analytical closed-loop stability criterion, where a 4-step fixed forward and a 5-step 

fixed backward time delay gives a stable system, and a 5-step fixed time delay in both 

forward and backward channels results an unstable system.
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Figure 7-4. The step responses of NPC using a generic polynomial method for a 4-step 

fixed forward and a 5-step fixed backward time delay (dashed) and a 5-step fixed time 

delay in both forward and backward channels (solid), (a) large scale (b) small scale.

TABLE 7-1

THE MAXIMUM FIXED FORWARD TIME DELAY AGAINST THE DIFFERENT 

FIXED BACKWARD TIME DELAY TO GUARANTEE A STABLE SYSTEM

Backward time delay 0

Forward time delay 10
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TABLE 7-2

POLES OF THE CLOSED-LOOP SYSTEM WITH THE FIXED FORWARD TIME 

DELAY k AND THE FIXED BACKWARD TIME DELAY/

*=0;/=0 *=!;/= 1 *=2;/=2

0

0

0.98908

0.80652 + 0.142231

0.80652-0.142231

-1.046xlO~17

-0.42492 + 0.505871

-0.42492 - 0.505871

0.98908

0.80652 + 0.142231

0.80652-0.142231

0.42492 + 0.325721

0.42492 - 0.325721

5.1485xlO~9

-5.1485xlO~9

-0.73029 + 0.410151

-0.73029-0.410151

0.050811 +0.86041

0.050811 -0.86041

0.98908

0.67948 + 0.298461

0.67948 - 0.298461

0.80652 + 0.142231

0.80652-0.142231

-3.5886 xlO~6

1.7943xlO~6 +3.1079xlO~5 i

1.7943xlO~6 -3.1079xlO"6 i

A=3;^3 *F=4;/=4 A=5;/=5

-0.84652 + 0.368191

-0.84652 - 0.368191

-0.35135 + 0.841771

-0.35135-0.841771

0.39568 + 0.857261

0.39568 - 0.857261

0.98908

0.80218 + 0.247111

0.80218-0.247111

0.80652 + 0.142231

0.80652 - 0.142231

-7.3876 xlO~5

-2.3777xlO~9 + 7.3878xlO~5 i

-2.3777xlO~9 -7.3878xlO~5 i

7.388 xlO~5

0

-0.91171+0.287421

-0.91171 -0.287421

-0.55372 + 0.78741

-0.55372 - 0.78741

-0.0010888 + 0.947731

-0.0010888-0.947731

0.59899 + 0.778751

0.59899 - 0.778751

0.98908

0.86753 + 0.204851

0.86753 - 0.204851

0.80652 + 0.142231

0.80652-0.142231

-9.7651 xlO~5

-9.8736xlO~9 +9.7661xlO~s i

-9.8736xlO~9 - 9.7661 xlO~5 1

9.7671 xlO~5

-0.94192 + 0.261531

-0.94192-0.261531

-0.69201+0.684171

-0.69201 -0.684171

-0.24224 + 0.952431

-0.24224 - 0.952431

0.24894 + 0.933491

0.24894 - 0.933491

0.72159 + 0.69483!

0.72159 - 0.69483!

0.98908

0.90565+0.172721

0.90565-0.172721

0.80652+0.142231

0.80652-0.142231

-0.0018326 

-0.00091829 + 0.00158711

-0.00091829-0.00158711

0.00091629 + 0.00159051

0.00091629-0.00159051

0.0018366
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7.4.2 Simulations through Internet

Internet has a longer time delay than that of Intranet. According to the practical 

experiments presented in Chapter 6, the Internet based time delay is a random time 

delay between 5-step to 7- step, which is going to be used in the simulations of the 

Internet based servo motor control system. The PI controller is redesigned to cope with 

a longer time delay using the closed-loop stability criterion defined in equation (7-29) 

and is shown in equation (7-32).

£>(z) _ 0.0190-0.0188Z-1~C(z) —————13^———— (7'32)

This PI controller can provide a stable system within a 16-step fixed time delay in both 

forward and backward channels using the proposed NPC with a generic polynomial 

method. Again, the system stability for the random time delay case using the proposed 

method is not fully solved yet, but using the closed-loop stability criterion for the fixed 

time delay case can give some guidelines on how to design the parameters of the 

generic polynomial controllers for the Internet based control systems.

The simulation result for the Internet based servo motor control system using the 

conventional PI controller without considering the network delay compensation gives a 

considerable overshoot and oscillation as shown in Figure 7-5. However using the 

proposed NPC with a generic polynomial method, the control performance shown in 

Figure 7-6 is the same as that under the local control and both of them have 

dramatically less overshoot. This result is also demonstrated in Table 7-4, where a 

significantly less overshoot is achieved using both local control and NPC with a generic 

polynomial method compared with the conventional PI controller. This indicates that 

the proposed NPC using a generic polynomial method is capable of compensating for 

the network delay and data packet dropout for the Internet based control systems. Figure 

7-6 also shows that the predicted control signals are more accurate and are less affected
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by the forward and backward time delay using NPC with a generic polynomial method 

than with a modified MPC (Figure 6-6).
100

80
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40

20

-20

-40

—— No delay compensation 
• • Reference

8 10 
Time(s)

12 14 16 18

Figure 7-5. The step response of the conventional PI controller without considering the 

network delay compensation.

-30 —— Internet control
- - Local control
••••• Reference

-40"
8 10 

Time(s)
12 14 16 18

Figure 7-6. The step responses of the local control and the Internet based predictive 

control using a generic polynomial method for a 5-step to 7-step random forward and 

backward time delay.
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7.5 Practical Experiments of NPC Applied to a Servo Motor 

System

To apply NPC using a generic polynomial method to a real-time servo motor control 

system, a networked control test rig was built and this was discussed in Chapter 6. The 

method used to measure the network delay is the same as that used for NPC with a 

modified MFC, which was given in Chapter 6. Again the real-time implementation for 

the networked predictive control systems and the UDP communication protocol 

presented in Chapter 6 were used.

7.5.1 Practical Experiments through Intranet

For the Intranet based control experiments, the NCB with IP address 193.63.131.15 and 

NIB with IP address 193.63.131.219 were put under the same subnet in the University 

of Glamorgan, UK. A 1-step fixed time delay (40ms) in both forward and backward 

communication channels was detected using the proposed network delay measurement 

method.

The PI controller defined in equation (7-31) is used for the Intranet based servo motor 

control experiments. The step response of the conventional PI controller without 

considering the network delay compensation is shown in Figure 7-7, where 27.27% 

overshoot occurs and this is similar to the simulation result presented in Figure 7-2 and 

in Table 7-3. However using the proposed NPC with a generic polynomial method, the 

step response is shown in Figure 7-8 and is very similar to that under the local control 

and simulation results of Figure 7-3. This is also shown in Table 7-3 that only 10.81% 

and 8.63% overshoot occurs for the local control and NPC using a generic polynomial 

method respectively. Both methods also have a similar settling time. It clearly 

demonstrates that NPC using a generic polynomial method can efficiently compensate 

for the network delay and data packet dropout for the Intranet based control systems.
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Figure 7-7. The experimental result of the conventional PI controller without 

considering the network delay compensation.
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Figure 7-8. The experimental results of the local control and the Intranet based 

predictive control using a generic polynomial method for a 1-step fixed forward and 

backward time delay.
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TABLE 7-3

COMPARISON OF STABILITY, OVERSHOOT AND SETTLING TIME FOR THE 

INTRANET BASED CONTROL SIMULATIONS AND EXPERIMENTS

Simulations and experiments

Simulation of conventional PI
Experiment of conventional PI

Simulation of local control
Experiment of local control

Simulation of NPC-GPM
Experiment of NPC-GPM

Stability

stable
stable

stable
stable

stable
stable

Overshoot (%)

25.79
27.27

6.18
10.81

6.18
8.63

Settling time

2.25
5.83

2.56
5.44

2.56
6.31

(s)

NPC-GPM: Networked predictive control using a generic polynomial method. 

7.5.2 Practical Experiments through Internet

For the Internet based control experiments, the NCB and NIB were put at different 
subnets. The NCB with IP address 159.226.21.191 was physically located in Chinese 

Academy of Sciences, Beijing, P. R. China. The NIB with IP address 193.63.131.219 

was placed at the University of Glamorgan, UK. The measured time delay between 

these two boards is between 5-step to 7-step (200ms-280ms) using the proposed 

network delay measurement method.

The PI controller defined in equation (7-32) is used for the Internet based servo motor 

control experiments. The control performance using the conventional PI controller 

without considering the network delay compensation is shown in Figure 7-9, where it 

can be seen that 69.69% overshoot occurs. If the proposed NPC using a generic 
polynomial method is applied to this Internet based servo motor control system, the 

control performance is shown in Figure 7-10 and is very similar to that under the local 

control and the simulation results of Figure 7-6. This is also demonstrated in Table 7-4,
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where only 10.40% and 10.89% overshoot occurs for the local control and NPC using a 

generic polynomial method respectively. It can be seen that the settling time in the 

practical experiments is slightly longer than that in the simulations for both local control 

and NPC with a generic polynomial method. This is due to the dead zone and the 

bandwidth limit of this servo motor system, thus requiring slightly longer time to reach 

to the steady state. But the most important point to note is that NPC using a generic 

polynomial method has a very similar control performance to that under the local 

control. From the practical experiments, the conclusion can be drawn that NPC using a 

generic polynomial method can actively compensate for the network delay and data 

packet dropout for the Internet based control systems.

i
$-o_ 
<o 
o>

•No delay compensation
- Reference

-i • i • i • i • i • i • i ' i • i """i • i ' i
8 10 12 14 16 18 20 22 24 26 28 30

Time(s)

Figure 7-9. The experimental result of the conventional PI controller without 

considering the network delay compensation.
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Time(s)

Figure 7-10. The experimental results of the local control and the Internet based 

predictive control using a generic polynomial method for a 5-step to 7-step random 

forward and backward time delay.

TABLE 7-4

COMPARISON OF STABILITY, OVERSHOOT AND SETTLING TIME FOR THE 

INTERNET BASED CONTROL SIMULATIONS AND EXPERIMENTS

Simulations and experiments

Simulation of conventional PI

Experiment of conventional PI

Simulation of local control

Experiment of local control

Simulation of NPC-GPM

Experiment of NPC-GPM

Stability

stable
stable

stable
stable

stable
stable

Overshoot (%)

65.45
69.69

5.70
10.40

5.70

10.89

Settling time

8.03
5.86

6.56
14.80

6.56
16.33

(s)

NPC-GPM: Networked predictive control using a generic polynomial method.
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7.6 Conclusions

A new networked predictive control using a generic polynomial method has been 

presented to compensate for the random network delay and data packet dropout for the 

networked systems. Also the stability of the networked predictive control systems using 

a generic polynomial method for a fixed network delay has been studied. The proposed 

NPC using a generic polynomial method is comprised of a control prediction generator 

and a network delay compensator. The control prediction generator provided a set of 

future control signals to satisfy the system performance requirement. The network delay 

compensator was used to overcome the random forward time delay and data packet 

dropout. The network delay and data packet dropout in the backward channel have also 

been compensated for by using the model predictor and the Diophantine equation in the 

control prediction generator based on the network delayed output measurements, past 

control inputs and past references. The stability analysis of the networked predictive 

control systems using NPC with a generic polynomial method has been presented and 

an analytical stability criterion for a fixed network delay has been obtained. The 

simulation results were consistent with those given by the analytical stability criterion. 
Although the stability using NPC with a generic polynomial method for the random 

network delay has not been fully solved yet, the analytical closed-loop stability criterion 
for the fixed network delay using NPC with a generic polynomial method has been used 

to provide some guidelines on how to choose the parameters of the generic polynomial 

controller.

The networked servo motor control system was tested on two different networks, 

Intranet and Internet. It showed that there existed a 1-step fixed time delay in both 

forward and backward channels for the Intranet based control experiments and for the 

Internet based control experiments, the network delay was between 5-step to 7-step. 

Off-line simulation and the practical experimental results showed that for both the 

Intranet and Internet based servo motor control system, the system has more overshoot 

and oscillation using the conventional PI controller without considering the network
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delay compensation. However, using NPC with a generic polynomial method, the 

system has significantly less overshoot. Due to the dead zone and the bandwidth limit of 

the servo motor system, which result slightly longer time to reach to the steady state, the 

settling time hi the practical experiments is slightly longer than that in the simulations 

for both local control and NPC with a generic polynomial method. But the most 

important point to note is that NPC using a generic polynomial method has a very 

similar control performance to that under the local control. Therefore the proposed NPC 

using a generic polynomial method can efficiently compensate for the network delay 

and data packet dropout for both Intranet and Internet based control systems. It also 

showed that the predicted control signals are more accurate and are less affected by the 

forward and backward time delay using NPC with a generic polynomial method than 

with a modified MPC. This chapter provides a generic design procedure for the 
networked control systems. In practice, there always exists an uncertainty to a certain 

degree. The robustness of the networked control systems with the uncertainties will be 

studied in the next chapter.



Chapter VIII

Robust Networked Predictive Control

Abstract - This chapter presents two novel control techniques, robust networked 

predictive control (RNPC) using both modified MFC and generic polynomial method, to 

improve the robustness of the networked control systems. By using a modified MFC or a 

generic polynomial method, the future control sequences are generated and used to 

compensate for the forward communication time delay and data packet dropout. For 

both methods, a modified Smith predictor can be used to compensate for the backward 

communication time delay and data packet dropout. The design of a filter is used to 

improve the robustness of the networked control systems. To illustrate the improvement 

in control performance using the proposed two methods, off-line simulation and 

practical experimental results based on a servo motor system controlled through the 

Internet are presented to show that the proposed methods are superior to the previously 

proposed NPC using both modified MFC and generic polynomial method.

204
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8.1 Introduction

The random communication time delay and data packet dropout can highly degrade the 

control performance of the networked systems. It has been shown in Chapters 6 and 7 
that this problem can be solved by using NPC with both modified MFC and generic 
polynomial method. In order to improve the robustness of the previously proposed NPC 
methods, two robust networked predictive control (RNPC) methods, RNPC with both 
modified MPC and generic polynomial method, are proposed in this chapter. In which a 
modified MPC or a generic polynomial method is used to compensate for the forward 
communication time delay and data packet dropout and a modified Smith predictor is 
used to compensate for the backward communication time delay and data packet 
dropout. A low pass filter is used to improve the robustness of the networked control 
systems. This approach is motivated in the light of ideas developed by Normey-Rico 
and Camacho (1999; 2000), who presented a simple design method to increase the 
robustness of the Smith predictor based generalised predictive controller for processes 
with the long time delay while maintaining a nominal control performance. Off-line 
simulation and practical experimental results based on a servo motor system controlled 
through the Internet are presented to show the improvement in control performance 
using the proposed RNPC with both modified MPC and generic polynomial method.

8.2 RNPC Using a Modified MPC

In this section, RNPC using a modified MPC and a modified Smith predictor is shown 
in Figure 8-1, where the control prediction generator uses a modified MPC to generate 

the future control inputs of the plant, which are packed and sent to the plant side at one 
time and the network delay compensator is used to compensate for the unknown 

forward time delay and data packet dropout. In order to compensate for the network 
delay and data packet dropout in the backward channel, a modified Smith predictor is 

used. The output prediction of the open-loop model is corrected by adding the error 

signal between the delayed plant output measurement and the delayed output of the
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open-loop model.

To improve the robustness of the networked predictive control system, a low-pass 

unitary gain filter is used to filter the error signal produced between the delayed plant 

output measurement and the delayed output of the open-loop model. The proposed 

RNPC has several advantages. The design of the filter is very simple and takes both 

disturbance rejection and robustness requirements into account. This strategy consists of 

two steps. Firstly, the MFC parameters are chosen to obtain the desired control 

performance for the nominal case without the model uncertainties. Secondly, the filter is 

chosen to take both disturbance rejection and robust performance into account.

Controller Side

Reference
!•(/+*,

)

C+ J

— ̂
— »>
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Generator
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-»-

Figure 8-1. The robust networked predictive control system.

8.2.1 RNPC Design

Consider a single-input and single-out with d+l step time delay plant, (Gn + AGa )z~rf ,
-dmodelled by Gn z~ .

G = (8-1)
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where

• + az~"

(8-2)

AGu z~£/ is the unconstructed model uncertainties, m and « define the maximum orders 

of the input and output lag terms respectively.

In MPC, the control trajectory can be found by minimising the following function:

_ (8-3)
t=JV,

with respect to Nu future control inputs and subject to the control constraints, namely

-l)]T (8-4) 

= Q, Nu <k<N2 -d-l (8-5)

where N\ denotes the minimum prediction horizon, A^ the maximum prediction horizon 

and A^ the control horizon, p is a weight factor and A = 1 — z~l .

In order to derive a predictor, the following Diophantine equation is used

Fk (Z-l ) = l (8-6) 

where the polynomial Ek (z~l ) is of the order k- 1 and Fk (z~l ) is of the order n.
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Each open-loop prediction is corrected by adding the filtered error signal between the 

delayed (/.) plant output measurement and the delayed (d + ft ) output of the open- 

loop model using a low-pass unitary gain filter given by equation (8-8).

<« (8-7)

^ (8-8) 1-oz

Using the Diophantine equation (8-6), the past and future inputs and the open-loop 
predictions defined in equation (8-7), a &-step ahead output prediction is obtained.

(8-9) 

= Gk (z-1 )A«(/ + k - 1) + z* [G, (z-1 ) - Gk (z-1 )] Aw(f - 1) + Fk (z'1 )y(t + d)

for \<k<N2 -d

where

(8-10) 

Gk (z~l ) = g

Therefore, the predicted control sequence can be determined by minimising the 

performance function defined in equation (8-3) as follows:
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(8-11)

- 1) - F(z~l )y(t + d))

where u(t + i \ t) is the i-th step ahead control prediction at time t, Au(t - 11 1 — 1) is the 

first predicted control input at time t — 1, and the matrix H is

'HI'
H2

.H*..

=

1 0
1 1

1 1

... o"

... o

... 1
(rrr+ (8-12)

and

r =
So 0 ...
V ^f * • •Si 50

0 
0 (8-13)

(8-14)

(8-15)
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(8-16)

In order to compensate for the network delay and data packet dropout in the forward 

channels, the following assumptions are considered. The network delay and data packet 

dropout in both channels are bounded, and data transmitted through the network is with 

a time stamp. The forward time delay and data packet dropout are assumed no greater 

than the maximum number of the predicted control signals. It is also assumed that all 

the predicted control signals at the current time are packed with a time stamp and sent to 

the plant. Then the networked delay compensator chooses the control value from the 

latest control sequence available on the plant side. For example if the following 

predictive control sequences are received on the plant side:

«(/-*,*-*,) 
u(t-kt

«(*!*-*,)

-*,-!*-*,)

u(t-h2 t-k2 ) 
u(t-k2 + \t-k2 )

u(t-k,t-k,) 
u(t-k,+\\t-k,)

u(t\t-k,) 

t + Nu -k,-\t-k,)

(8-17)

where the control values u(t\t - £,.) for i = l,2,~-,t are available on the plant side. The 

control input of the plant at time t is chosen from the latest control sequence as follows:

w(0 = u(t\t - min {fc,, k2 , • • •, k, }) (8-18)

Thus RNPC using a modified MFC can be implemented in the following steps:
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Step (1) Design the MFC parameters (AT,, N2, Nu and p) to obtain the desired control 

performance without considering the network delay, data packet dropout 

and the model uncertainties.

Step (2) Use the same MFC parameters, the predicted control sequence is obtained 

using equation (8-11).

Step (3) Transmit this predicted control sequence to the plant side through the 

communication channel.

Step (4) Choose the control input in the network delay compensator in accordance 

with equation (8-18).

8.2.2 Robustness Analysis

In order to study the robustness of the proposed robust networked predictive control 

using a modified MFC (RNPC-MMPC), unstructured uncertainties are considered. The 

reason for using unstructured uncertainties is that in most industrial systems, the high 

frequency structure of the system is usually not known, thus low-order models are often 

used to represent the complex dynamics. This results in some unmodelled dynamics and 

the unstructured uncertainty model seems to be a better way to quantify this kind of 

uncertainties (Owen and Zames, 1992). Also due to the forward and backward network 

delay compensation, there is a difference in the control input between the plant and its 

model. These can also be considered as unmodelled uncertainties.

To analyse the robustness of the proposed RNPC-MMPC, only the fixed backward time 

delay (/) is considered. Since for the random backward time delay case, it is not possible 

to obtain the transfer function of the filter. For the forward time delay, it can be either 

fixed or random within a bound.
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The first control prediction can be easily obtained from equation (8-11) as follows:

•d) (8-19) 

which gives

l(ft-H.F(z-l }v(t + iT\
(8-20)

Using equations (8-11) and (8-20), a £/-step ahead control prediction at time t - kt is 

obtained as follows:

«f-A: -\t-k -\-

Hkt+l R(t - k, ) - Hki+l F(z~l )y(t - k, + d)

then

(//,z~' +Hk+l A}(R(t-ki )-F(z~l )y(t-ki + 
it(t\t -k,) = —— ————— *' +1 A ^ —— '—. —— -. —— — —— '• 

1 ' (l + H^z-^z-1 )*
(8-22)

Using equations (8-20) and (8-22), it can be seen that there is a proportional relationship 

between u(t\t — fc( ) and u(t\t) , which can be stated as

, (8.23)»(<!<) w,
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The difference of input signals between the plant and its model can be stated as

' )y(t»(/|r-*,.)-«(*|0 =— (8-24)

In order to simplify the robustness analysis of RNPC-MMPC, let 

H} =[/»,, /»12 ••• fy(*2 -rf)] and use the first predicted control input obtained from 

equation (8-20), the first predicted control increment is obtained and shown below

(8-25)

where it can be seen that RNPC-MMPC can be simplified to the controller C(z) in 

equation (8-26) and the reference filter W(z) in equation (8-27) for the nominal case 

without model uncertainties. However for the non-nominal case, there needs an 

additional controller D,(z) in equation (8-23) and each open-loop prediction is 

corrected by adding the filtered error signal between the delayed plant output 

measurement and the delayed output of the open-loop model. This is shown in Figure 8- 

2.

(8-26)

V* ,» 2, "uz
(8-27)
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(G n + AGu )z-/ xo fc
z" f

y(t-n

Figure 8-2. Equivalent structure of the robust networked predictive control system.

To analyse the system robustness using RNPC-MMPC, assume that the disturbance 

q(t} = 0 and that Gn z~d gives the transfer function of the linear system in its nominal 

case without model uncertainties. Unstructured uncertainties are represented by 

&Gu z~d , thus yielding

Z, = (/o

Q
(8-28)

The transfer function from u(t\t) to y(t + d) can be expressed as

= G_ — G.

(8-29)
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The first part of the above equation is the system transfer function for the nominal case 

without model uncertainties. The second part is related to the forward and backward 

time delay, and the model uncertainties. Therefore the total system uncertainties is:

f mb I 
„ _. Vli-se Ht

— G. (8-30)

Using the small gain theory (Morari and Zafiriou, 1989), the norm |«| bound

uncertainty region is derived to maintain the closed-loop stability and is defined as 

follows:

C(z) (8-31)

So

\8\<AP = (0,7t\ z = ej (8-32)

It can be seen that if the uncertainties caused by the forward and backward time delay, 

and unmodelled dynamics are within a norm boundary defined in equation (8-32), the 

system is stable. The model uncertainties have an inverse relationship to the 

uncertainties caused by the forward and backward time delay.

The nominal control performance of the system is not modified by including the filter T. 

When the plant and its model are exactly the same and no forward and backward time 

delay, then the error signal between the plant and its model is zero. So the filter Thas no 

effect on the control performance of the closed system. However the disturbance 

rejection is affected by including the filter. To estimate the effect of the filter on the
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disturbance rejection performance, the closed-loop transfer function between the 

disturbance q(f) and the control input u(t\t-kf ) is considered. In general, in order to 

achieve a good performance for the disturbance rejection, \u/q should be close to one 

over the system bandwidth.

u
C(z)Gn (z)

C(z)D( (z)Gn (z)7Xz)
C(z)Gn (z)

(8-33)

where (O0 is the desired bandwidth of the closed loop system. The percentage of the 

uncertainty norm boundary is calculated as follow:

AP C(z)Gn (z)
C(z)Gn (z)7Xz)

(8-34)

Equation (8-34) clearly shows that a high disturbance rejection performance leads to a 

low robustness. Therefore there is the need to make a compromise between disturbance 

rejection and system robustness. In general, the unstructured model uncertainties are 

dominant at high frequencies, therefore the filter T(z) must be chosen to increase the 

value of yP at these high frequencies and maintain the unitary gain of u I q for the 

frequencies below the desired bandwidth to 0 . Therefore the filter T(z) must be chosen to 

have unitary gain at d.c. and to be a low pass filter.
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8.3 RNPC Using a Generic Polynomial Method

In this section, a generic polynomial method and a modified Smith predictor are used 

for the design of RNPC shown in Figure 8-1. This method has nearly the same 

procedure as that using RNPC-MMPC. The only difference between two methods is 

that the control prediction generator generates the predicted control sequence using a 

generic polynomial method instead of using a modified MPC.

8.3.1 RNPC Design

Consider a single-input and single-out with d+l step time delay plant, (Gn +AGU ), 

modelled by Gn z~d , where Gn is defined in equation (8-1). It assumes that a

polynomial controller for a system without the network delay and data packet dropout is 

given by

(8-35)

where the polynomials C(z~')e SK[z~',«J and D(z~')e 1R.[z~l ,nd ]. 

e(t + d + Y) = r(t + d + Y) — y(t + d +1) is the error signal between the future reference 

r(t+d+l) and the output prediction y(t + d + 1), which can be obtained from each open- 

loop prediction by adding the filtered error signal between the delayed plant output 

measurement and the delayed output of the open-loop model. The corrected open-loop 

prediction is given in equation (8-7) and a low-pass unitary gain filter is defined in 

equation (8-8).

In order to obtain a predictor, the following Diophantine equation is used.

A(z~l )£,. (z~l ) + z-'F, or1 ) = i (g-36)
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where the polynomials E,(z~l )e ^[z~\i-l] and F,(z~ l )eWiz~l ,n-i]. Using the 

Diophantine equation (8-36) and the corrected open-loop prediction defined in equation 

(8-7), N+ 1 step ahead output predictions are obtained.

(8-37)

The second term on the right side of the above equation can be separated into two parts: 

the first part contains the control sequence before time t and the second part includes the 

predicted control sequence. So, let

10
G2 (z-')

u(t\t)

u(t + N\t)

(8-38)

where the polynomial G A Cr')e <R[z-',m-l] and the matrix M, e SR (;v+1)x(Af+1) . Thus,

Y(t + d +1 1 0 = F(z G(z~1 yu(t-l\t-l) + Ml U(t\t) (8-39)

where

2\t), -•-, l\t)J (8-40)

(8-41)

(8-42)
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F(z-«) = ,(*-'), F2 (z-'), -, FN+l (z-l ) (8-43)

From the controller designed for the system without the network delay and data packet 

dropout and defined in equation (8-35), it is clear that the future control sequence can be 

expressed by

l )U(t | /) = D(z~l )R(t + d + 1) - Y(t + d + 1 1 /) (8-44)

where

The term C(z~ { )U(t \ t) can also be separated into two parts: the first part contains the 

control sequence before time t and the second part includes the predicted control 

sequence. Then, let

C(z~l )U(t I 0 = H(z~ l )«(/ -11 / -1) + LU(t | 0 (8-45)

where

the polynomial /f( (z-')e ^[z^maxK -i-1,0}] and the matrix Z, e 

Combining equations (8-39), (8-44) and (8-45) gives

H(z~l )«(/ - 1 1 / - 1) + LU(t | 0 = £>(z-' )R(t + d + l)- D(z~l
(8-46)
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Let

(8-47)

where

the polynomial r,. (z "') e SR[z ~', max {nd + m + d - 1,0} ] and the matrix

U(t \t) =
•' )R(t + d + l)- D(z~l )F(z~') y(t + d)

(8-48)

Therefore, the predicted control sequence can be determined by the following predictive 
controller:

(8-49)

fio(^)

where
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[P0 (z-') P^z-1 ) ... P^z-'J = z~N+l

The polynomials P,(z-')e Sfc-1 ,/!, +JV], e,(z~! )e ^"1 ,«rf +w-l] and 

5, (z~! ) e SRfz"1 , max {wc - / - 1, nd + m - 1, 0} ] .

In order to compensate for the network delay and data packet dropout in the forward 

channel, the procedure using RNPC with a generic polynomial method is the same as 

that using RNPC-MMPC as shown in equations (8-17) and (8-18).

Thus RNPC using a generic polynomial method can be implemented in the following 

steps:

Step (1) Design a polynomial controller defined in equation (8-35) for a system 

without considering the network delay and data packet dropout to satisfy 

the requirements using the conventional control methods.

Step (2) Calculate the control prediction sequence using the control prediction 

generator in accordance with the equation (8-49).

Step (3) Transmit this control prediction sequence to the plant side through a 

network at each sampling time.

Step (4) Apply the network delay compensator to choose the control input for the 

plant in accordance with equation (8-18).
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8.3.2 Robustness Analysis

In order to study the robustness of the proposed robust networked predictive control 

using a generic polynomial method (RNPC-GPM), again the unstructured uncertainties 

are considered. Also due to the forward and backward time delay in the communication 

channels, there is a difference in the control signal used for the plant and its model. 

These can also be considered as unmodelled uncertainties. The following robustness 

analysis is under the assumption that the backward time delay (/) is fixed and the 

forward time delay can be either fixed or random within a bound.

It is clear from equation (8-49) that the first control prediction is obtained as follows:

<8-50)

Let V = [V0 F, ••• VH Y=(L + Af)-* and I(z~l ) = [z-N z~N+l ••• if , and use 

equation (8-49), equation (8-50) can be rewritten as

1 )r(t + d + N + V)- V0F(z~l )D(z~l )y(t + d)

(8-51) 

t-l )y(t + d))

Assume that there exists a random forward time delay &,, let

F = [F0 Vl ••• VN ]T =(L + MT' and I(z~l ) = [Z -N z~N+l ••• ij , and use 

equations (8-49) and (8-50), a Ar,-step ahead control prediction at time / - £, is expressed

as
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«(/!/-*,)

-Q0

(8-52)

It can be seen from equations (8-51) and (8-52) that there is a proportional relationship 

between u(t\t -fc;.) and u(t\t) , which can be stated as

u(t\t)

' *• '

(8~53)

In order to simplify the robustness analysis of RNPC-GPM, let 

po=[Poi Po2 "• j00(Ar+Wd) ] and use the first predicted control input obtained from 

equation (8-50), RNPC-GPM can be simplified to the controller C(z) in equation (8- 

54) and the reference filter W(z) in equation (8-55) for the nominal case without model 

uncertainties. However for the non-nominal case, there is an additional controller D,. (z) 

in equation (8-53) included and each open-loop prediction is corrected by adding the 

filtered error signal between the delayed plant output measurement and the delayed
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output of the open-loop model. Therefore the robustness analysis of RNPC-GPM has 

the same structure as that of RNPC-MMPC shown in Figure 8-2.

(8-54)

i — /=0 (8-55)

To analyse the system robustness using RNPC-GPM, assume that the disturbance 

q(t) = 0 and that Gnz~d gives the transfer function of the linear system in its nominal

case. Unstructured uncertainties are represented by AGu z~d and therefore the system 

transfer function is defined in equation (8-28). The transfer function from u(t\t) to 

y(t + d) can be expressed as

(8-56)

The first part of the above equation is the system transfer function for the nominal case. 

The second part is related to the forward and backward time delay, and the model 

uncertainties. Therefore the total system uncertainties is:
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5 = G.
1-0

(8-57)

The analysis of system robustness and disturbance rejection performance using RNPC- 

GPM has the same procedure as that using RNPC-MMPC defined from equations (8- 

31) to (8-34). It was shown that a low pass filter can improve the system robustness, 

however a high disturbance rejection performance leads to a low robustness. Therefore 

there is the need to make a compromise between disturbance rejection and system 

robustness.

8.4 Simulations of RNPC Applied to a Servo Motor System

In order to validate the improvement in control performance using the proposed RNPC- 

MMPC and RNPC-GPM, a servo motor system was used for the Internet based control 

simulations and practical experiments. This system was identified in the discrete time 

domain (sampling period 0.04s) and defined as follows:

1 -1. 661 68z-'+ 0.663 lz~2 (8-58)

In order to get an insight into control performance using both RNPC-MMPC and 

RNPC-GPM methods, off-line simulations have been firstly carried out for the servo 

motor system controlled through the Internet. During this test, the Intranet based 

controller parameters for both methods shown in Chapters 6 and 7 are used to control 

this servo motor system through the Internet. This is to show the improvement in 

control performance using the proposed RNPC-MMPC and RNPC-GPM compared with 

that using NPC-MMPC and NPC-GPM presented in Chapters 6 and 7.
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8.4.1. RNPC Using a Modified MFC

The Intranet based MFC parameters (A^ =l,N2 =12,NU =10,p= 10000) for NPC- 

MMPC were used for controlling the servo motor system through the Internet. As 

indicated in Chapters 6 and 7, the Internet based time delay was detected to be a 5- to 7- 

step random time delay in both forward and backward channels, which is used for 

simulating the Internet based time delay in this chapter. Using the previously proposed 

NPC-MMPC, the system is unstable as shown in Figure 8-3. However using RNPC- 

MMPC with the filter setting defined in equation (8-59), the system is stable as shown 

in Figure 8-4. It indicates that the proposed RNPC-MMPC is capable of improving the 

system robustness compared with that using NPC-MMPC.

0.1
l-0.9z'

(8-59)

150

-150
0 0.5 1 1.5 

Time(s)
2.5

Figure 8-3. The step response of the Internet based NPC-MMPC.
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Figure 8-4. The step response of the Internet based RNPC-MMPC. 

8.4.2. RNPC Using a Generic Polynomial Method

The Intranet based PI controller for NPC-GPM shown in Chapter 7 and defined in 

equation (8-60) was used for controlling the servo motor system through the Internet. 
Again a 5- to 7-step random time delay is used for simulating the Internet based time 
delay. Using the previously proposed NPC-GPM, the system is unstable as shown in 

Figure 8-5. Note that there is an input saturation signal level of ± 10V. However using 

RNPC-GPM with the filter setting defined in equation (8-59), the system not only is 
stable but also has only a small overshoot as shown in Figure 8-6. Therefore the 

proposed RNPC-GPM can also provide a better robustness for the networked control 

system compared with that using NPC-GPM.

D(z) __ 0.0475 -0.047z"' 
~C(z)~ I-*'1 (8-60)
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Figure 8-5. The step response of the Internet based NPC-GPM.
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Figure 8-6. The step response of the Internet based RNPC-GPM.



8.5 Practical Experiments of RNPC Applied to a Servo Motor System 229

8.5 Practical Experiments of RNPC Applied to a Servo Motor 

System

To apply RNPC-MMPC and RNPC-GPM to a networked servo motor control system, 

the test rig shown in Figure 6-7 and the same UDP protocol were used. The 

implementation diagram of the robust networked predictive control systems is shown in 

Figure 8-7, where the implementation structure is modified to include a Smith predictor 

with the filter setting of equation (8-59). For the Internet based servo motor control 

experiments, the NCB and the NIB have different subnets. The NCB with IP address 

159.226.21.191 was physically located in Chinese Academy of Sciences, Beijing, P. R. 

China. The NIB with IP address 193.63.131.219 was placed at the University of 

Glamorgan, UK. The network delay and data packet dropout between these two boards 

were measured using the previously proposed network delay measurement method 

discussed in Chapter 6.

r

Predictive Control Signal 
Delayed Output Signal

Reference 
— — — — Measure Signal

Figure 8-7. The implementation diagram of the robust networked predictive control 

system.
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8.5.1. RNPC Using a Modified MFC

The Intranet based MFC parameters (Af, =l,N2 =\1,NU = 10, p = 10000) for NPC- 

MMPC were used to control a servo motor system through the Internet. The Internet 

based time delay was detected to be a 5- to 7-step random time delay using the 

previously proposed network delay measurement method. The practical experimental 

results show that using the previously proposed NPC-MMPC, the system is unstable as 

shown in Figure 8-8. This is the same as the simulation result of Figure 8-3. However 

using RNPC-MMPC with the filter setting of equation (8-59), a stable system is 

achieved as shown in Figure 8-9. It can also be seen from Table 8-1 that there are a 

45.75% overshoot and an 8.91s settling time using RNPC-MMPC in the practical 

experiment. Both overshoot and settling time are slightly higher than the simulation 

result using RNPC-MMPC, in which the overshoot is 31.87% and the settling time is 

3.31s. The possible reason for these differences is due to the unmodelled dynamics, the 

measured Internet based time delay uncertainties, the system dead zone and the system 

bandwidth limit. The important point to note is that a stable system has been achieved 

using RNPC-MMPC, thus indicating its better robustness compared with that using 

NPC-MMPC.
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Figure 8-8. The experimental result of the Internet based NPC-MMPC.
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Figure 8-9. The experimental result of the Internet based RNPC-MMPC. 

8.5.2. RNPC Using a Generic Polynomial Method

The Intranet based PI controller for NPC-GPM defined in equation (8-60) was used to 
control a servo motor system through the Internet. Again the Internet based time delay 
was detected to be a 5- to 7-step random time delay. The practical experimental results 
show that using the previously proposed NPC-GPM, the system is unstable as shown in 
Figure 8-10. Note that due to an input saturation signal level of ± 10V, the system dead 
zone and the system bandwidth limit, the experimental result shown in Figure 8-10 has 
a smaller amplitude oscillation than that obtained in the simulation result of Figure 8-5. 
The most important point to note is that the robust control performance is achieved 
using RNPC-GPM as shown in Figure 8-11, where the system not only is stable but also 
has only a small overshoot. This is similar to the simulation result of Figure 8-6. It can 
also be seen from Table 8-1 that using RNPC-GPM, there are a 9.63% overshoot and a 
15.62s settling time in the practical experiment compared with a 6.17% overshoot and a 
2.57s settling time in the simulation. Again, the differences in the overshoot and the 
settling time between simulations and practical experiments are due to the unmodelled
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dynamics, the measured Internet based time delay uncertainties, the system dead zone 

and the system bandwidth limit.
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Figure 8-10. The experimental result of the Internet based NPC-GPM.
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Figure 8-11. The experimental result of the Internet based RNPC-GPM.
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TABLE 8-1

COMPARISON OF STABILITY, OVERSHOOT AND SETTLING TIME FOR THE 

INTERNET BASED CONTROL SIMULATIONS AND EXPERIMENTS

Simulations and experiments

Simulation of NPC-MMPC 

Experiment of NPC-MMPC

Simulation of RNPC-MMPC 

Experiment of RNPC-MMPC

Simulation of NPC-GPM 

Experiment of NPC-GPM

Simulation of RNPC-GPM 

Experiment of RNPC-GPM

Stability

unstable 

unstable

stable 

stable

unstable 

unstable

stable 

stable

Overshoot (%)

—

31.87

45.75

—

6.17 

9.63

Settling time (s)

—

3.31 

8.91

—

2.57 

15.62

NPC-MMPC: Networked predictive control using a modified MPC. 

RNPC-MMPC: Robust networked predictive control using a modified MPC. 

NPC-GPM: Networked predictive control using a generic polynomial method. 

RNPC-GPM: Robust networked predictive control using a generic polynomial method.

Table 8-1 shows that using RNPC-MMPC gives more overshoot than that using RNPC- 

GPM. This is due to the predicted control signals are more accurate and are less affected 

by the forward and backward time delay using RNPC-GPM than using RNPC-MMPC. 

Therefore RNPC-GPM should perform slightly better than RNPC-MMPC.

In conclusion, the practical results show that both RNPC-MMPC and RNPC-GPM can 

provide the better robustness for a servo motor system controlled through the Internet 

compared with that using NPC-MMPC and NPC-GPM. It has also been shown that the 

control performance in the practical experiments is very similar to that in the 

simulations. This indicates that the control algorithms proposed are suitable for real- 

time implementation.
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8.6 Conclusions

This chapter has presented two methods to improve the robustness of the networked 

control systems subject to its random network delay and data packet dropout in both 

forward and backward channels. One is the robust networked predictive control using a 

modified MFC and another one is the robust networked predictive control using a 

generic polynomial method. This is achieved by using a modified MFC or a generic 

polynomial method to generate the future control sequence, which can be applied to the 

system using the network delay compensator to compensate for the forward time delay 

and data packet dropout. Using a Smith predictor, the network delay and data packet 

dropout in the backward channel can also be compensated for. Using this structure, the 

robustness of the networked control system can be improved by using a low-pass 

unitary gain filter to filter the error signal between the delayed plant output 

measurement and the delayed output of the open-loop model. It has also been shown 

that a high disturbance rejection performance leads to a low robustness. Therefore there 

is the need to make a compromise between disturbance rejection and system robustness. 

The uncertainty norm boundary has also been obtained. If the system uncertainties 

along with uncertainties caused by the forward and backward time delay are within its 

norm boundary, the system is stable.

From the Internet based control experiments, a 5- to 7-step random time delay was 

detected in both forward and backward channels using the proposed network delay 

measurement method. Both simulation and practical experimental results of a servo 

motor system controlled through the Internet show that using the Intranet based 

controller parameters for NPC-MMPC and NPC-GPM, the system is unstable for the 

Internet based control experiments using the previously proposed NPC-MMPC and 

NPC-GPM. However using RNPC-MMPC and RNPC-GPM has dramatically improved 

the system robustness and a stable system is obtained. It is shown that RNPC-GPM 

performs slightly better than RNPC-MMPC. This is due to the predicted control signals 

are more accurate and are less affected by the forward and backward time delay using
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RNPC-GPM than using RNPC-MMPC. It has also been shown that due to the 

unmodelled dynamics, the measured Internet based time delay uncertainties, the system 

dead zone and the system bandwidth limit, there is a slight difference in the overshoot 

and the settling time between simulations and practical experiments. The most 

important point to note is that the control performance using RNPC-MMPC and RNPC- 

GPM in the practical experiments is very similar to that in the simulations. Therefore 

the proposed RNPC-MMPC and RNPC-GPM methods are suitable for improving the 

robustness of the networked control systems.



Chapter IX

Conclusions

Abstract — In this final chapter the major contributions and conclusions of the thesis 

are summarised and some ideas for further research are presented.
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This thesis has dealt with the design and application of modern control techniques to 

aircraft gas turbine engines and networked systems. One of main emphases has been on 

the advanced controller design for a Rolls Royce Spey Mk202 aircraft gas turbine 

engine. Due to the nonlinearity of the gas turbine engine (Chiras, 2002a) and the rate 

limiter and saturation constraints on the fuel feed, several nonlinear control techniques 

were presented along with the corresponding control algorithms. The presented control 

algorithms were then employed to control the HP shaft speed of the gas turbine engine 

throughout its operating range. Another main emphasis has been on the problem arising 

from the networked control systems suffering its random communication time delay and 

data packet dropout in both forward and backward channels, which are known to highly 

degrade the control performance of the networked systems. In order to solve this 

problem, the design and implementation of several networked predictive control 

methods were presented along with the corresponding control algorithms. The presented 

methods were then employed to compensate for the network delay and data packet 

dropout in both channels for the networked control systems.

It was stated at the outset that the thesis could be divided into two parts. The first of 

these was the control of the aircraft gas turbine engine using several nonlinear control 

techniques. This was dealt with in Chapters 3 to 5. The second part was the design and 

implementation of several networked predictive control methods to compensate for the 

network delay and data packet dropout for the networked systems. The system stability 

and robustness have also been presented. A servo motor system was employed to 

implement the proposed methods through both Intranet and Internet. This has been 

presented in Chapters 6 to 8. The main contributions and conclusions for each of these 

parts will now be dealt with in turn.

9.1 Gas Turbine Engine Control

The present study on the gas turbine engine control is an extension of the work 

presented by Evans (1998) and Chiras (2002a) where linear and nonlinear engine
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models were estimated. It showed that the small signal dynamics of the engine shafts 

had been accurately identified using both time and frequency domain techniques. Since 

in some cases the estimated linear engine models in the time domain contained a single 

real negative pole, which has no continuous counterpart and can not be compared with 

the poles of the s-domain thermodynamic models, the model physical interpretation was 

lost. Therefore the frequency domain techniques should be preferred when an accurate 

representation of the engine local dynamics is required and a physical interpretation of 

the parameters is to be made. A considerable discrepancy of poles and zeros between 

the linear engine models in the frequency domain and the linearised thermodynamic 

engine models indicated that the thermodynamic engine models were not adequately 

representing the engine dynamics. Since the poles, zeros and dc gains of the linear 

engine models change with the operating point, the global nonlinear NARMAX and 

neural network engine models were then employed and demonstrated to be capable of 

representing both dynamic and static behaviour of the gas turbine engine for both shafts 

throughout its operating range. Therefore, these nonlinear engine models can be used in 

the place of the family of linear engine models. An overview of the work conducted in 

this area was presented in Chapter 2 with an extension to include the bias terms in the 

linear engine models in the frequency domain since the original linear engine models 

were estimated using the data when the mean was removed from the data records. These 

well-estimated linear and nonlinear engine models then provided the basis of the model 

based controller design in gas turbine engines. The main aim of this work was to design 

a global controller, which can provide an optimal control performance for the gas 

turbine engine to cover its operating range.

In Chapter 3, an overview of the work previously conducted on the control of the gas 

turbine engines was presented. It proceeded to consider the design of the controllers for 

the gas turbine engine using the simple PID controllers. For a variety of reasons most 

process controllers were surprisingly poorly tuned. The main aim of this chapter was to 

investigate the model based PID controller tuning techniques, which relied on the 

detailed system dynamic information and therefore could provide an optimal control
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performance for the gas turbine engine. Based on the previously estimated linear, 

NARMAX and neural network engine models, several control design methods were 

presented using the FTAE, IAE and ISE performance indexes, in which the rate limiter 

and saturation constraints on the fuel feed were considered during the search of the 

optimal PID parameters. It was shown that the use of PID parameters obtained using 

these performance indexes gave a good control performance except for the use of the 

PID parameters obtained using the ISE index, which gave a little more overshoot. 

Therefore the ITAE and IAE performance indexes are more preferable than the ISE 
performance index when the optimal PID parameters are required. It was also shown 

that one set of PID controller parameters is not able to provide a good control 

performance for the engine throughout its operating range. This result was expected 

since the gas turbine engines are nonlinear and the rate limiter and saturation constraints 

are also on the fuel feed. Therefore the gain-scheduling PID controller was then used to 

provide an optimal control performance for the gas turbine engine. It was shown that all 
of the estimated gain-scheduling PID parameters based on these different models were 

very similar and gave an adequate control performance throughout the operating range.

Since the author did not have access to a gas turbine engine to implement the proposed 

control strategy at the time of reporting this work, in order to take the model mismatch 

into account, the previously estimated NARMAX engine model was used to represent 

the "true dynamics" of the system, the linear or neural network engine models were 

used for the model based controller design presented in Chapters 3 to 5. When the gain- 
scheduling PID controllers derived using linear and neural network engine models were 

used to control the NARMAX engine model, it could be seen that the step responses 

were not only very similar but also generally acceptable. The results of Chapter 3 

illustrated the potential of the gain-scheduling PID controller to control the gas turbine 

engine throughout its operating range.

Since the PID parameters in the gain-scheduling need to be changed with the operating 

range, the need for a global nonlinear controller to cover its operating range is apparent.
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One of the global nonlinear controllers, approximate model predictive control (AMPC), 

was studied in Chapter 4. This approach was based on instantaneous linearisation of a 

nonlinear model incorporating the generalised predictive control. Two ways of 

considering the rate limiter and saturation constraints on the fuel feed were presented. 

One was the hard constraint method, by which the control trajectory could be found 

analytically using GPC, then the constraints were put on the first predicted control 

input, and another was the soft constraint method, in which the constraints were 

considered during the optimisation search. It was shown that the hard constraint method 

is more preferable than the soft constraint method when the computational time is at a 

premium.

The proposed AMPC with both hard and soft constraints was then applied to control the 

gas turbine engine. It was shown that both methods could provide a good control 

performance for the engine not only for the small step changes but also for the large and 

random step changes. Both methods also provided nearly the same control performance 

for the range examined. It was also seen that such implementation could deal with the 

disturbances and the model mismatch. The results presented in this chapter clearly 

showed that AMPC with hard constraints enabled the engine control inputs to be 

obtained analytically, thus reducing the computational time and avoiding the problem of 

local minimums, which were caused by AMPC with soft constraints. It provided an 

efficient approach to the adaptive control of the gas turbine engine in the place of the 

gain-scheduling FDD controller.

In order to assess the effects of linearisation of AMPC on the engine control 

performance, another global nonlinear controller, nonlinear model predictive control 

(NMPC) was presented in Chapter 5. In this approach, the nonlinear engine model could 

be used directly to generate the control signals using an objective function. Again there 

were two ways to deal with the rate limiter and saturation constraints, namely the 

NMPC with hard constraints (NLMA) and the NMPC with soft constraints (SQP), 

which were presented and applied to control the gas turbine engine. It was shown that
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although the control performance using NMPC with soft constraints was slightly better 

than that using NMPC with hard constraints, both methods could provide an acceptable 

performance for the small, large, random and ramp signal tests. They could also deal 

with the large disturbances and the model mismatch. It demonstrated that NMPC with 

both hard and soft constraints could provide a global nonlinear controller for the gas 

turbine engine throughout its operating range.

A comparison has been made between NMPC, AMPC and the gain-scheduling PID 

controller. NMPC and AMPC were demonstrated to be able to provide a good control 

performance for the engine throughout its operating range and were more favourable 

than the gain-scheduling PID controller. It was shown that the control performance 

using AMPC was slightly better than that using NMPC. The results presented in this 

chapter also showed that NMPC as a global nonlinear controller could provide a good 

control performance for the engine throughout its operating range. The cost using 

NMPC is that more computational time is required. It has been shown that under the 

MATLAB environment using a Pentium 4 PC, only 0.0046s computational time per 

engine sampling period (0.05s) was needed using AMPC with hard constraints. This is 

about three-time faster than that using AMPC with soft constraints (0.014s) and around 

ten-time faster than that using NMPC with hard constraints (0.045s) and soft constraints 

(0.049s). The computational time can be further reduced using a program written in C 

or using a smaller maximum prediction horizon A/2 at the cost of a less optimal control 

performance. Since all the methods use less computational time compared with the 

engine sampling period, all of them are suitable for real-time implementation for the gas 

turbine engine.

The work on the gas turbine engine control has produced a large body of results. The 

main contribution of Chapters 3 to 5 was to illustrate the potential of a global nonlinear 

controller capable of controlling the gas turbine engine throughout its operating range 

using AMPC and NMPC, which can be used in the place of the gain scheduling PID 

controller. This provided the important information on the possibility of real-time
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implementation by applying these advanced control methods to the gas turbine engine. 

It must be stressed here that the selection of the most appropriate control method for the 

engine depends on the system sampling rate, the nonlinearity and the microprocess 

speed for the controller implementation. If the system has a severe nonlinearity, NMPC 

is preferred. Otherwise AMPC would be preferred due to its shorter processing time.

9.2 Networked Predictive Control

It is well known that the random communication time delay and data packet dropout in 

both forward and backward channels highly degrade the control performance of the 

networked systems. In order to solve this problem, some possible solutions were 

presented hi the second part of the thesis. The aim of the work presented in this part was 

to compensate for the random network delay and data packet dropout in both channels 

for the networked control systems. A servo motor system was then used to verify the 

proposed methods through both Intranet and Internet based control simulations and 

practical experiments.

The second part of the thesis begins with Chapter 6. A novel networked predictive 

control (NPC) using a modified MFC was introduced to compensate for the random 

network delay and data packet dropout hi both channels. Taking the advantage of the 

capability of a network to transmit a set of data from one location to another location at 

the same time, a control prediction generator and a network delay compensator were 

implemented. The former could generate a set of the predicted control signals and the 

latter was used to compensate for the random network delay and data packet dropout in 

the forward channel. The network delay and data packet dropout in the backward 

channel could also be compensated for by predicting the future outputs using the 

Diophantine equation, the delayed output measurements, past and future increment 

control inputs, and future references. The implementation procedure of NPC using a 

modified MFC for the networked systems was presented along with the corresponding 

control algorithms. The stability of such systems for a fixed network delay in both
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channels was also been presented and an analytical stability criterion was obtained. 

Because the polynomial form is difficult to solve when the delay is random, using the 

fixed network delay stability criterion could give some guidelines on how to choose the 

parameters of the modified MFC for the networked control systems to be extended to 

the random network delay case.

Since the accuracy of the network delay measurement significantly affects the 

performance of the networked control systems, a network delay measurement method 

proposed by Chai et al. (2005) was adopted. Two network delay measure signals were 

employed in the control system loop to calculate the network delay in the forward and 

backward channel respectively. The UDP protocol was used to increase the 

communication speed for the networked control systems since a fast communication 

between the remote controller and the plant is needed for this type of control system. A 

networked control test rig, which consists of a networked controller board (NCB), a 

networked implementation board (NIB) and a servo motor system, was used to validate 

the control performance using the proposed NPC with a modified MPC presented in this 

chapter. The network delay measurement method, the UDP protocol and the networked 

servo motor control test rig presented in this chapter were also used to validate the 

control performance using the methods presented hi Chapters 7 and 8.

Two networks, the Intranet and the Internet were used for implementing the proposed 

methods presented in Chapters 6 to 8. For the Intranet based control experiments, the 

NCB with IP address 193.63.131.15 and the NIB with IP address 193.63.131.219 were 

put under the same subnet in the University of Glamorgan, UK. It was shown that a 1- 

step fixed time delay was detected in both forward and backward channels using the 

proposed network delay measurement method. For the Internet based control 

experiments, the NCB and NIB were put at different subnets. The NCB with IP address 

159.226.21.191 was physically located in Chinese Academy of Sciences, Beijing, P. R. 

China. The NIB with IP address 193.63.131.219 was placed at the University of
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Glamorgan, UK. The network delay between these two boards is a 5- to 7-step random 

time delay using the proposed network delay measurement method.

When the conventional MFC was applied to control the networked servo motor system, 

both simulation and practical experimental results showed that the system controlled 

through the Intranet had more overshoot and oscillation, and the system controlled 

through the Internet was unstable. However using NPC with a modified MFC, the 

system not only is stable but also has only a small overshoot for both Intranet and 

Internet based control simulations and practical experiments. Due to the dead zone and 

the bandwidth limit of the servo motor system, the settling time in the practical 

experiments is slightly longer than that in the simulations. But the most important point 

to note is that both local control and NPC with a modified MFC had very similar control 

performance. The results of this chapter illustrated the potential of using NPC with a 

modified MFC to compensate for the network delay and data packet dropout in both 

channels for the networked systems.

In Chapter 7, a networked predictive control using a more generic polynomial method 

was used to compensate for the random network delay and data packet dropout in both 

channels for the networked control systems. This method is very similar to NPC using a 

modified MFC and also consists of a control prediction generator and a network delay 

compensator. In this method, the future control inputs were generated using a generic 

polynomial method. The stability analysis of NPC with a generic polynomial method 

was presented and an analytical stability criterion for the fixed network delay was 

obtained. Again the analytical criterion could provide some guidelines on how to choose 

the parameters of the generic polynomial controller for the networked control systems to 

be extended to the random network delay case.

A servo motor system controlled through both Intranet and Internet had more overshoot 

and oscillation in both simulations and practical experiments using one of the 

conventional polynomial controllers, a PI controller. However using NPC with a generic
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polynomial method, the system overshoot is dramatically reduced. Again due to the 

dead zone and the bandwidth limit of the servo motor system, the settling time in the 

practical experiments is slightly longer than that in the simulations. The most important 

point to note is that the control performance is very similar to that under the local 

control hi both simulations and practical experiments. Therefore the proposed NPC 

using a generic polynomial method can efficiently compensate for the network delay 

and data packet dropout in both channels for the networked systems.

Comparing NPC using a modified MFC in Chapter 6 with NPC using a generic 

polynomial method in Chapter 7, the predicted control signals are more accurate and are 

less affected by the forward and backward time delay using NPC with a generic 

polynomial method than with a modified MPC. Therefore NPC with a generic 

polynomial method should perform slightly better than NPC with a modified MPC.

Chapters 6 and 7 provided two generic design procedures for the networked control 

systems. In practice, there always exists the uncertainty to a certain degree. In order to 

improve the robustness of the networked control systems with uncertainties, robust 

networked predictive control (RNPC) using both modified MPC and generic 

polynomial method was studied in Chapter 8. The forward time delay and data packet 

dropout was compensated for by using a control prediction generator and a network 

delay compensator. A modified MPC or a generic polynomial method was used to 

generate the future input signals and using a Smith predictor, the network delay and data 

packet dropout in the backward channel were also compensated for. Using this 

structure, the robustness of the networked control system was improved by including a 

low pass and unitary gain filter to filter the error signal generated between the delayed 

plant output measurement and the delayed output of the open-loop model. It was shown 

that when the system uncertainties along with the uncertainties caused by the forward 

and backward time delay for both methods are within the norm boundary, the system is 

stable. Otherwise, it may be unstable. It was also shown that a high disturbance
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rejection performance leads to a low robustness. Therefore there is the need to make a 

compromise between disturbance rejection and system robustness.

Finally, a servo motor system was used to validate the improvement in control 

performance using RNPC with both modified MFC and generic polynomial method for 

the networked systems. Both simulation and practical experimental results showed that 

using the Intranet based controller parameters gave an unstable system for the Internet 

based experiments using NPC with both modified MFC and generic polynomial method 

presented in Chapters 6 and 7. However using RNPC with both modified MFC and 

generic polynomial method resulted in stable system and gave a dramatically improved 

control performance. Due to the unmodelled dynamics, the measured network delay 

uncertainties, the system dead zone and the system bandwidth limit, there was a slight 

difference in the overshoot and the settling time between simulations and practical 

experiments. Again the most important point to note is that the control performance 

using RNPC with both modified MFC and generic polynomial method in the practical 

experiments is similar to that in the simulations. Therefore the proposed RNPC with 

both modified MPC and generic polynomial method can significantly improve the 

robustness of the networked control systems.

The work on the networked predictive control reported in this thesis has produced a 

large body of results. The main contribution of Chapters 6 to 8 was to introduce several 

networked predictive control methods to compensate for the random network delay and 

data packet dropout in both forward and backward communication channels for the 

networked systems. This was achieved by using a model prediction and also taking the 

advantage of the network that data could be packed and transmitted from one location to 

another location at the same time. Both simulation and practical experimental results on 

a servo motor system controlled through both Intranet and Internet have demonstrated 

its superior control performance compared with that using the conventional control 

methods. This indicates that the proposed networked predictive control methods can 

efficiently compensate for the network delay and data packet dropout in both channels
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for the networked control systems. The results presented on this can provide basis for 

further research relating to this area.

9.3 Ideas for Further Research

The following are possible areas for further work on gas turbine engine control:

• Investigation of real-time implementation using the proposed gain-scheduling PID 

controller, approximate and nonlinear model predictive control to control the gas 

turbine engines. dSPACE could provide a possible solution to this problem, since 

dSPACE provides a powerful real-time control environment. It allows the rapid 

prototyping of the controllers within the SIMULINK environment and 

downloading of these controllers to the dedicated digital signal processor (DSP) 

based systems for real-time implementation.

• Modelling and control of the nonlinear multivariable engines. This thesis has 

shown the potential of several advanced nonlinear control design methods to 

control the fuel flow to the HP shaft speed of the engine, which belongs to a 

single-input and single-output system. It would be worthwhile to estimate 

nonlinear multivariable state-space models for the engines and then investigate the 

suitability of the advanced model based nonlinear multivariable control design to 

the engines, such as nonlinear multivariable model predictive control.

There is also potential for further work in the area of the networked control systems:

• Search for a more accurate network delay measurement method. Although the 

networked predictive control using the network delay measurement method 

presented in this thesis has shown the superior control performance compared with 

that using the conventional control methods, the network delay measured is only 

approximate to the real-time network delay. Since the control performance of the
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networked systems is heavily affected by the accuracy of the measured network 

delay, there is the need to investigate a more accurate network delay measurement 

method to achieve a better control performance.

• The need for further stability analysis of the networked predictive control for the 

networked systems suffering the random network delay and data packet dropout in 

both forward and backward communication channels. The stability for a fixed 

network delay in both channels has been solved in this thesis. However there 

remains the challenge to investigate system stability for the random network delay 

case hi both channels. A possible solution to this problem could be the switched 

control method.

• Investigation of the networked predictive control techniques to the networked 

nonlinear and multivariable systems. Networked predictive control methods 

presented in this thesis have shown their ability to compensate for the network 

delay and data packet dropout in both channels for the networked single-input and 

single-output linear systems. It would be worthwhile to investigate the possibility 

of the networked predictive control techniques to be extended to the networked 

nonlinear and multivariable systems.
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Abstract

In this paper, NARMAX and neural network representations are shown to be suitable for modelling a gas turbine engine. These 
models then provide the basis for the model-based control strategies. Due to the nonlinearities of the engine and constraints on the 
fuel feed, a proportional, integral and derivative (PID) controller cannot cope with its whole operating range and therefore a gain- 
scheduling PID controller is required. Since the parameters in the gain-scheduling PID controller need to be changed with the 
operating range, there is a need for a global nonlinear controller. Model predictive control is then proposed as a solution to this 
problem. Two methods are considered, one is approximate model predictive control (AMPC) using the instantaneous linearisation 
of a nonlinear model incorporating the generalised predictive control and the other is the nonlinear model predictive control 
(NMPC). Their properties are presented and discussed. Both provide good control performance for the engine across its whole 
operating range. Since AMPC can be obtained analytically, requires less computation time and avoids the local minimum, it also 
provides the better control performance in the face of disturbance and model uncertainties. So it is preferred to NMPC. The results 
illustrate the improvements in control performance that can be achieved to that of gain-scheduling PID controllers. 
© 2004 Elsevier Ltd. All rights reserved.

Keywords: Gas turbine engine; NARMAX; Neural network identification; Gain-scheduling PID controller; Approximate and nonlinear model 
predictive control

1. Introduction

Gas turbines are now extensively used in aerospace, 
marine and industrial application. With this increased 
use in a diverse range of applications, the design of 
controllers for optimal performance is an important 
consideration. This paper deals with nonlinear model 
ling and control between the fuel flow and shaft speed of 
the gas turbine. The work presented here is based on the 
real engine data obtained from a Rolls Royce Spey 
Mk202 aircraft gas turbine. Although it is no longer in 
service, for control purposes, the Spey possesses the 
same characteristics as a model engine such as the EJ200 
fitted to the Eurofighter (Dadd, Sutton, & Greig, 1996).
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Any model-based controller design is highly related to 
the accuracy of the process model. Early work on gas 
turbine modelling was based on thermodynamic models 
(Jackson, 1988), which were derived from the engine 
physics and are not the most adaptable for use in the 
design of engine control systems due to their complexity. 
Recent work by Evans, Borrell, and Rees (1999) and 
Evans, Rees, and Borrell (2000) concentrated on testing 
the engine using small-amplitude multisine signals and 
frequency domain techniques to identify linear models 
of high accuracy at a range of different operating points. 
The errors due to noise and nonlinearities were assessed 
and found to be small for these small-signal tests. The 
fact that the dc gains, poles and zeros of these models 
change with operating points showed that the gas 
turbine is nonlinear, so the need was apparent for a 
more accurate nonlinear model of the gas turbine. The 
work was developed further by Chiras, Evans, and Rees 
(2002a,b) who used Nonlinear Auto Regressive Moving
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Average with eXgenous input (NARMAX) and neural 
network models, to represent the global dynamics of the 
engine using the real engine data. It was demonstrated 
that both models were capable of representing the 
engine dynamics throughout its operating range.

In spite of continual advances in control theory, the 
proportional, integral and derivative (PID) controllers 
are still the most popular approach to control industrial 
processes. The fact that more than 90% of all control 
loops are PID controllers is not only due to their simple 
structure but also due to their robustness for most 
industrial applications. A variety of PID controller 
tuning methods have been developed in the past a few 
decades, such as Ziegler-Nichols rule (Ziegler & 
Nichols, 1942), symmetric optimum rule (Voda & 
Landau, 1995), some overshoot and no overshoot rule 
(Seborg, Edgar, & Mellichamp, 1989) and so on. These 
methods provide simple tuning rules to determine the 
PID parameters. However, since they rely on a 
minimum amount of dynamic information, in many 
situations they do not provide a satisfactory closed-loop 
response. Therefore, tuning of PID controllers is an 
important issue. The paper will investigate the tuning of 
PID controllers for the control of a gas turbine, using 
integral of time absolute error (ITAE) performance 
indexes based on estimated NARMAX and neural 
network models. Due to the nonlinearities of the engine, 
gain-scheduling PID controllers are used to obtain the 
optimal performance across the operating range.

Since the parameters of gain-scheduling PID con 
trollers need to be changed with the operating range, 
thus making the design less optimal over the full 
operating range, there is a need to obtain a global 
nonlinear controller to provide optimal control across 
the whole operating range. Model predictive control 
(MPC) which is now one of the most widely used 
advanced control methods in the process control 
industry is then proposed as a solution to this problem. 
MPC denotes a broad range of control strategies, which 
uses a model to predict future process behaviour and 
calculate the control trajectory through the optimisation 
of an objective function within a specified horizon. An 
important advantage of this type of control is its ability 
to cope with input and output constraints, time delays, 
non-minimum phase behaviour and multivariable sys 
tems (Temeng, Schnelle, & MccAvoy, 1995). The 
disadvantage of the MPC-based controller is that it is 
more difficult to implement, however the techniques are 
now well established and widely used. In general, linear 
model predictive control (LMPC) is simple and carries 
less of a computational burden. It is more suitable for 
processes that are only slightly nonlinear. However 
strong nonlinearities are characteristics of many indus 
trial processes and for such processes nonlinear model 
predictive control (NMPC) must be applied in order to 
provide a satisfactory control performance.

The literature has already reported on the use of 
NMPC to control the gas turbine engine (Van Essen & 
De Lange, 2001; Brunell, Bitmead, & Connolly, 2002). 
This does raise the question of the computation time 
required. In order to reduce this, LMPC with less 
computation time can be easily applied to the gas 
turbine engine by using instantaneous linearisation of 
nonlinear model incorporating generalised predictive 
control (GPC) (Clarke, Mothadi, & Tuffs, 1987a,b) 
called approximate model predictive control (AMPC) 
(N0rgaard, Ravn, Poulsen, & Hansen, 2001). Two ways 
are considered to deal with the constraints, one is the 
hard constraint method, and another is the soft 
constraint method. The control trajectory can be found 
analytically with hard constraints, however using soft 
constraints, the quadratic programme (QP) needs to be 
implemented. Their control performance is compared. 
In order to validate the control performance of AMPC 
in terms of assessing the effects of linearisation, the 
NMPC is also applied to the engine and the results are 
compared. To solve the NMPC optimisation problem, 
Newton-based Levenberg-Marquardt approach 
(NLMA) with hard constraints and sequential quadratic 
programming (SQP) with soft constraints are proposed. 
Since the author did not have access to a gas turbine to 
implement the control strategy at the time of reporting 
this work, the estimated neural network will be used as 
the model predictor and the NARMAX model as 
representing the "true dynamics" of the system. Using 
the two different models enables the effects of model 
mismatch to be taken into account. The control 
performance of the proposed methods is examined 
using a wide range of small, large and random signal 
tests. Finally their control performance is compared in 
the face of disturbance and model uncertainties.

2. Gas turbine modelling

A basic gas turbine engine consists of a compressor, a 
combustion chamber and a turbine. Fig. 1 shows a 
simplified schematic of a Rolls Royce Spey engine. 
Intake air is compressed by the compressor and 
delivered to the combustion chamber at considerably 
increased pressure and temperature. In the combustion 
chamber, the pressurised air is mixed with fuel and the 
mixture is ignited, producing a further rise in tempera 
ture and hence an expansion of gases. These gases then 
expand through the turbine, which is designed to extract 
sufficient energy from them to keep the compressor 
rotating, so that the engine is self-sustaining. Both the 
compressor and the turbine are split into low-pressure 
(LP) and high-pressure (HP) stages. The HP turbine 
drives the HP compressor and the LP turbine drives the 
LP compressor. These are connected by concentric 
shafts, which rotate at different speeds, referred to as NH
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Fig. 1. Simplified schematic of a Rolls Royce Spey engine.

and NL- These shaft speeds are the primary outputs of a 
gas turbine, from which the internal pressures and thrust 
can be calculated.

2.1. NARMAX modelling

In order to identify a global model, which is capable 
of representing the engine dynamics for both the small 
and large input amplitudes, Chiras et al. (2002a) used 
nonparametric analysis in both the time and frequency 
domains and an orthogonal estimation algorithm to 
estimate NARMAX models for the engine, which is 
denned by a nonlinear function

XO = F[y(t -\),...,y(t- ny), u(t - 1),
...,u(t- nu), e(t -\\...,e(t- ne)} e(f), (1)

where F is a nonlinear function, y(t), u(t) and e(/) 
represent the engine output, input and noise signals, 
respectively; ny , «„ and ne are the associated maximum 
lags. A well-estimated procedure for structure selection 
of a NARMAX polynomial model is based on the error 
reduction ratio (ERR) defined by Billings, Chen, and 
Korenberg (1989) as

t=\ (2)

where gt are auxiliary model coefficients, w,(0 are the 
terms of an auxiliary model that are orthogonal over the 
data records. A forward-regression algorithm is em 
ployed to select the term with the highest ERR as 
approximate terms. The procedure is usually stopped 
using an information criterion such as the Akaike's 
information criterion (AIC), defined as

: (0P)) + kp, (3)
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Fig. 2. Concatenated real engine data set used for estimation: (a) 
measured fuel flow and (b) measured HP shaft speed.

where ffl(0p) is the variance of the residuals associated 
with a /j-term model and k is a penalising factor. A 
concatenated small-amplitude real engine data set is 
used for structure selection and parameter estimation of 
the NARMAX model as shown in Fig. 2. Eq. (4) is one 
of estimated NARMAX models, which is validated and 
shown in Fig. 3 (dashed) and is capable of modelling the 
engine dynamics for both small and large signal tests. 
This model will be used in the remainder of this paper as 
representing the real gas turbine engine

XO = 0.7206X' - 1) + 0.2885X' - 2)
+ 0.0066w(? - 1) - 3.3}e~s u(t - l)y(t - 2)
- 0.7202 - 2.56e~4y(t - l)y(t - 2). (4)

2.2. Neural network modelling

Chiras et al. (2002b) used another representation, a 
two-layer feedforward neural network, to model the 
nonlinear relationship between the fuel flow and shaft 
speed of the engine. This structure is based on a result by 
Cybenco (1989) who proved that a neural network with 
one hidden layer of sigmoid or hyperbolic tangent units 
(Eq. (5)), and an output layer of linear units is capable 
of approximating any continuous function

/tanhM = • -1. (5)

The network is described by the magnitude of the 
weights and biases, and should be determined by 
training the network on the estimation data. In this 
paper a Neural Network Auto Regressive with eXogen- 
ous inputs (NNARX) using past input and output terms
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Fig 3 Outputs of validation data test based on NARMAX and neural network models (measured real engine output (solid), NARMAX model 
output (dashed), neural network model output (dashdot)): (a) inverse repeat maximum length binary sequence (IRMLBS) test at 65%^; (b) 
IRMLBS test at $5%Na; (c) three-level periodic test at 58-70%^; and (d) triangle wave + IRMLBS test at 6S-SS%NH.

as regressors is used to model the gas turbine. Parameter 
estimation involves the minimisation of the sum of 
square errors given by

(6)
1=1

where 6 are the model parameters, y(t) the system 
output, y(f) the model estimate, N the number of 
samples and Z^a vector known as training data 
given by

Zf = \y(t) y(t -\)...y(t- ny) u(t - 1)... u(t - «„)]
(7)

and the parameter estimate 6 is obtained
n • J\f\ fQ\

A neural network with six hidden units in one hidden 
layer and one linear output layer provides the best 
performance on the existing validation data shown in 
Fig. 3 (dashdot), and is capable of modelling both the 
low and high amplitude dynamics of the engine.

Although both the neural network and the NAR 
MAX models can represent the engine dynamics for 
both small and large signal tests, the neural network

model performs better than the NARMAX model for 
the small signal tests. However, for large signal tests, the 
NARMAX model is better than the neural network 
model.

3. Optimal PID controller design

The control arrangement for the PID controller 
design shown in Fig. 4 is employed to control the HP 
shaft speed of the engine. In order to get the optimal 
engine performance, the control requirements are set to 
provide minimum overshoot and a fast rise time. The 
performance of the gas turbine primarily depends on the 
shaft speed of the engine, which is determined by 
controlling the fuel feed. The engine throttle gives the 
operating set point required, and the control input is the 
error signal generated between the operating set point 
and the shaft speed. Due to the limit on fuel feed, 
saturation occurs at 440cc/s. Also a rate limiter is 
employed in order to prevent the engine surge. The 
rising slew rate is 40cc/s2 and the falling slew rate is
-40cc/s2 .

Because of the rate limiter and saturation in the 
forward path, and the nonlinearities of the gas turbine, 
the PID parameters are evaluated by minimising the 
ITAE performance index (Mu, Rees, & Chiras, 2003)
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Fig. 4. Control arrangement for the gas turbine using PID controllers.

using a recursive methodology and a nonlinear mini 
misation routine (Grace, 2000) in MATLAB.

The equations used to evaluate the discrete represen 
tation of the PID controller are shown as

= r(t)-y(t),

N

1=0

E(t)-E(t-\)

(9)

(10)

where r(t) is the desired set point and y(t) is the HP shaft 
speed (%NH), Kp , AT,, Kd are the PID gain terms, 
respectively, T is the sampling time (0.05 s) and N is the 
number of samples, u\(f) represents the output of the 
controller at the sampling point t. Considering the slew 
rates of the rate limiter, the output of the rate limiter 
«2(0 is given by

if

T * (-40) + a2('- 1) if

>40, 

< -40,

if -

(11)

and the saturation block output u^ is calculated by

{ 440 if w2(0>440, 
w2(?) if 0<M2(f)<440, 
0 if M2(0<0

(12)

Using the NARMAX or neural network models to 
predict the engine output, the ITAE performance index 
is expressed as follows:

- y(t)\. (13)
1=0l=V

The PID parameters are obtained by minimising the 
performance index,

(14)

Evaluating Eq. (14) through (9)-(13) recursively, the 
minimum performance index is calculated, and the 
optimal PID parameters are obtained.

Initially, one PID controller was obtained, based on 
the NARMAX model and a step change from 52%NH 
to 87%NH. The optimal PID parameters are shown in 
Table 1 and the resulted step response shown in Fig. 5, 
where it can be seen that a fast rise time is achieved, with 
almost no overshoot (note that this response covers a 
wide range of engine speeds). In contrast, if the same 
controller was used on inputs of smaller amplitudes as 
shown in Fig. 6, the responses (dashdot) are over- 
damped, especially at higher speeds. This is due to the 
fact that the PID controller is a linear controller. It is 
thus not capable of dealing optimally with a nonlinear 
constrained system across its whole operating range. 
Gain-scheduling PID controllers are proposed and their 
parameters are recalculated and shown in Table 1 using 
small-amplitude step inputs, to cover the engine operat 
ing ranges in which the data used for the estimation and 
validation are available. Where it can be seen that the 
optimisation search resulted in Kd being driven to zero 
and the values of both Kp and Kt are increasing with the 
step change. The optimal performance is obtained as 
shown in Fig. 6 (solid). The results indicate that the 
gain-scheduling is essential for optimal gas turbine 
control.

In order to check the robustness of the proposed 
method, PID parameters are obtained using the neural 
network model and the results are shown in Table 1, 
where it can be seen that the PID parameters are found 
to be very similar for both nonlinear model representa 
tions. It also possesses similar control performance to 
that when a NARMAX model is used.

Although gain-scheduling PID controllers can pro 
vide the optimal control for the small operating 
ranges, the PID parameters need to be changed 
with the operating range. The need is therefore 
apparent to design a global controller across its whole 
operating range, and there is a need to implement 
nonlinear controller designs. This paper will now 
consider MPC.

4. Approximate model predictive control

AMPC is a flexible criterion-based design and 
requires the linearisation of a nonlinear model incorpor 
ating a GPC. At each sampling time, a linear model is 
extracted from a neural network model and applied to 
predict the future process output within the prediction 
range. Predicted output depends on known past values 
of input and output signals and on the future trajectory, 
assuming that beyond a certain control horizon further 
increments in control are zero. The control scheme is 
shown in Fig. 7. The control trajectory can be found by
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Table 1
PID parameters at different step changes based on NARMAX and neural network models

Models Step changes (%NH) Min. ITAE

NARMAX

Neural Network

52-57
62-67
72-77
82-87
52-87

52-57
62-67
72-77
82-87
52-87

23.44
25.27
29.77
33.09
21.74

22.56
23.65
28.62
39.20
25.61

2.85
3.96
5.20
6.55
1.60

2.35
4.94
5.66
7.62
1.68

0
0
0
0
0

0
0
0
0
0

4.83
5.40
6.16
7.21

372.01

5.95
5.86
5.84
7.34

364.01

87

x z

69.5
<n
1 to

52

Step Response

20 
Time (s)

40

Fig. 5. Engine step response for the 52%Na-87%NH step change 
using the NARMAX model (set point (dotted) and PID controller 
(solid)).

minimising the following performance function: 

J(t,U(f))=

4.1. Linearisation of the neural network model

In order to implement the AMPC, linear models must 
be extracted from a nonlinear model at each sampling 
instant. The coefficients of the extracted linear models 
can be calculated by the derivative of the output against 
each input (N0rgaard et al., 2001). For a two-layer 
feedforward neural network model with one hidden 
layer of tanh units and a linear output

y(f) = j tanh (17)

where Wjk and WJQ are the weights and biases of the 
hidden layer, Wj and W0 are the weights and biases of 
the output layer, respectively, <pk(t) are the output and 
input lag terms, nn denotes the number of the hidden 
units in one hidden layer and nv is the total number of 
the input and output lag terms. The derivative of the 
output with respect to input <pt(t) is calculated in 
accordance with

8KO 1 - tanh2
7=1

WJO
L*=i

(18)

(15)
k=\

with respect to the Nu future control inputs and subject 
to the control constraint, respectively,

-d, (16)

where N] denotes the minimum prediction horizon, N2 
the maximum prediction horizon and Nu the control 
horizon, p is a weight factor penalising changes in the 
control input to obtain smooth control input signals and 
d is the system time delay.

4.2. Constrained GPC algorithm

In order to remove the offset due to regular 
disturbances and to model mismatch, it is necessary to 
let the controller include integral action. A linearised 
integrated ARX model (ARIX) is as follows:

= z-<«z-'XO + ̂ , 09)

where
-1 + • • • + ana z~

(20)
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Fig. 6. Local step responses at different step changes using the NARMAX model (set points (dotted), gain-scheduling PID controllers (solid), and 
one controller (dashdot)).
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Fig. 7. Control arrangement for the gas turbine engine using AMPC.

y(f) and u(t) are the current output and input 
signals, respectively. e(t) is an integrated white noise. 
1/J = 1/(1 - z-') acts as a discrete integral term. 
Considering the time instant t + k, the ARIX model is 
as follows:

Au(t e(t + k). (21)

To derive a predictor, the model is now reorganized 
by introducing the following Diophantine equation

= AA(z- } )Ek(z~ l ) + z-*F*(z-'), (22)

where Ek (z~ l ) is of degree k - I and Fk(z~ } ) is of degree 
«a . Multiplying both sides of Eq. (21) by Ek (z~ } ) and 
using Eq. (22) gives

y(t + k) = z-dEk(z- l )B(z- } ) Au(t + k)
+ Fk (z~ ' MO + Ek(z~ ' )e(t + k). (23)

y(t + k) = G*(z- ] ) Au(t 

where Gk (z~ l ) =

If the sequence of future control inputs is known, the 
minimum variance predictor for y(t + k) is the expecta 
tion

-k-d) + Fk(z- ] )y(t), (24)

9k-]+nh zl ~k~"1'- The only unknown quantities in Eq. 
(24) are now the future control inputs. In order to derive 
the control law it is necessary to separate them from the 
past known data
y(t + k)= <5(z~') Au(t + k-d) + zk-d [Gk(z' 1 )

To solve the Diophantine equations, recursion of the 
Diophantine equation (Clarke et al., 1987a,b) is used. 
Initialize the recursion by setting

=l then

where ef+}) specifies the coefficient to z 
polynomial Ek+\

r>S*+1)l

-Ar

due to AA being monic, so
_ fk—JO'

(27)

(28) 
in the

(29)

(30)
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To derive the control law, firstly the predictors 
derived from Eq. (25) are expressed using the following 
vector notation:

Y = 
where 
Y = 
If =

(32)

Aw(f +1) ...

1 is a matrix of dimension (A^ — d + 1) x Nu : 

0o 0 ••• 0
01 00

0i

0

(33)

: : 0o

9N2 -d 9N2 ~d-\ ' " ' 9N2 -d-Nu+\

From the definitions of the vectors above and with 

R= [r(t + Ni) r(/ + AT]-t-l) ••• r(t + N2)] (34) 

the cost function in Eq. (15) can be written as

j(t, u(t)) = [R-ru- <z>]T[/? - ru - #] + pUT u
(35)

and the sequence of future control increment is obtained 
by setting the derivative of the above function equal to 
zero,

U = [FTr + pI?fu]~*r^(R — <P). (36)
Since the gas turbine is subject to constraints, which 

limit the range and gradient of the control signals, the 
following constraints need to be satisfied.

Vr, (37)

The future control input sequence based on GPC 
without constraints is firstly obtained. The hard 
constraints are put on the first future control input 
since only the first predicted control input is applied. 
The rest are discarded, since at the next sampling 
instant, a new control trajectory is obtained. The 
predicted control input after constraints is applied to 
the gas turbine, also is provided as the input data to 
GPC. The reason for this is that when the control input 
is out of its constrained range, it is set to its maximum

value, thus enabling fast reference tracking. When the 
control input is within its constrained range, it uses the 
achieved value.

In order to validate the performance of GPC with 
hard constraints, GPC with soft constraints is also 
explored. The cost function in Eq. (35) can be rewritten 
as

U\
(38)

The third term is a constant term, which can be 
removed, thus the cost function becomes a standard 
quadratic form

j(t, t/(0) = «7T(rTr + piNaW - 2(R - vfru. (39)
The optimal control can be obtained using the 

quadratic programme (QP) algorithm (Gill, Murray, 
Sanders, & Wright, 1984; Gill, Murray, & Wright, 
1991), which can directly take the constraints in Eq. (37) 
into account, resulting in significantly less computation 
time than NMPC. They are implemented using the 
MATLAB optimisation toolbox.

4.3. Tuning of AMPC for the gas turbine engine

Tuning of AMPC is quite intuitive compared to other 
control methods. Soeterboek (1992) gives an elaborate 
discussion on how to tune predictive controllers. This is 
widely supported by illustrative simulation studies. NI, 
N2 , Nu and p should be set as suggested in the following:

Minimum prediction horizon AT,: It is always set to the 
model time-delay d. There is no reason for choosing it 
smaller because the d-l first predictions depend on past 
control inputs only and cannot be affected by the first 
action u(t). On the other hand it is not recommended to 
choose it bigger since this can lead to quite unpredict 
able results (Soeterboek, 1992). For the gas turbine, it is 
set to 1 (sampling period delay) and not tuned.

Maximum prediction horizon N2: A rule of thumb is 
that the prediction horizon should be selected approxi 
mately to the rise time of system (Clarke et al., 1987a,b). 
However, often it is not possible to choose it so long 
because the calculation time required by AMPC is too 
demanding. Usually it is empirically tuned based on 
actual performance. From repeated experiments on the 
gas turbine system, the maximum prediction horizon is 
set around 30 (sampling periods) for the best control 
performance for small, large and random step changes.

Control horizon Nu: Soeterboek (1992) suggest Nu is 
equal to the number of output lag terms. If Nu is made 
longer, the control performance is slightly improved and 
the calculating time is also increased. Based to the 
simulation results, it is set to 2 (sampling periods), which 
is the same as the number of output lag terms.
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Fig. 8. Performance of AMPC on several large, random set point 
changes: (a) shaft speed and (b) fuel feed (set points (dashed) and 
engine output (solid)).
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Fig. 10. The difference between GPC with hard and soft constraints: 
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I 90

80

70

w 60 

1 50
CO

20 40 60 80 100 
Time (s)

120 140 160

80 100 
Time (s)

120 140 160

Fig. 9. Performance of AMPC on small set point changes: (a) shaft 
speed and (b) fuel feed (set points (dashed) and engine output (solid)).

The control penalty factor p: The purpose of the control 
penalty factor is to penalise large changes in the process 
input and reduce actuator wear. It is usual to set p as a 
constant in the range [0,1]. For the gas turbine system, to 
achieve the best control performance, it is set 0.05.

The AMPC with hard constraints set lo N\ = \,Ni = 
30, Nu = 2 and p = 0.05, the global nonlinear controller 
results in the system responses shown in Figs. 8 and 9 for 
large, random step changes and for small step changes, 
respectively. The results show that a fast rise time is 
achieved, with almost no overshoot, demonstrating that 
the proposed method provides a good performance for 
small, large and random step changes.

With the same controller setting as GPC with hard 
constraints, the control performance using GPC with

soft constraints is very similar to this. Fig. 10 shows the 
differences for both the input and output signals, which 
are very small. The resulting root mean square error 
between the references and the output signals is nearly 
the same, 6.4828 for GPC with hard constraint and 
6.4829 for GPC with soft constraints, so their control 
performances are nearly the same. It can be concluded 
that the control action using GPC with hard constraints 
can be obtained analytically and is very easily imple 
mented, and needs less computation time compared to 
GPC with soft constraints.

5. Nonlinear model predictive control

NMPC directly uses a nonlinear model predictor and 
a nonlinear optimiser, and is similar to AMPC. In order 
to take model mismatch and disturbance into account, 
the error signals between the engine and the model 
output are used to adjust the reference. The components 
of the scheme are shown in Fig. 11 and include the 
process (gas turbine), a model predictor, a corrector and 
a nonlinear optimiser.

5. 1. Process and model predictor

The previously estimated NARMAX model is used as 
the real gas turbine and the previously estimated neural 
network model as the model predictor. The Ac-step ahead 
predictor with tanh activation functions in the hidden 
units and a linear output unit is as follows:

y(t Wjf(h(k,j)) (40)
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Fig. 11. NMPC scheme.

where f(h(k,j}) = tanh(£(/:J)) and

h(k,})=

- I") + W/,o, (41)

where w,,,, vv/^+i and w/>0 are the weights and biases of 
the hidden layer, Wj and W0 are the weights and biases 
of the output layer, respectively, «/, is the number of 
hidden units in one hidden layer, m and n present the 
input and output lags, respectively.

5.2. Corrector

Since MFC is based on the prediction of the future 
output by a model, offset may occur due to model 
mismatch (Gomm, Evans, & Williams, 1997; Potocnik 
& Grabec, 2002). In order to compensate for the control 
inaccuracy caused by model mismatch, the discrepancy 
between model and process can be used to correct the 
future model predictions. In the presence of noise and 
other disturbances, the robustness of the corrector can 
be improved by filtering the discrepancy with a first- 
order, unity gain low-pass digital filter

" 1 - (1 - <p)z-
where the coefficient <p e [0,1] determines the filter 
setting. The filtered discrepancy <5(0 is then used for 
the correction. Instead of changing the predictions of 
the model y(t + k), it is more convenient to correct the 
reference values r(t + k) without increasing the difficulty 
of the optimisation problem according to the following 
rule:
rc(t + k) = r(t + k) — o(t), k = N],...,N2 (43)
which modifies the reference values within the prediction 
range [Nj, N2] since only these values are used in the 
objective function. Such a correction results in a robust 
offset free implementation, which corrects the model 
mismatch.

5.3. Objective function and optimiser

The objective function describes a control goal. In 
general, good tracking of the reference trajectory is 
required, with low control energy consumption. The 
future process control inputs can be calculated by 
minimising the objective function, Eq. (15), with the 
constraints, Eq. (37) at each sampling time.

For NMPC the optimisation problem must be 
solved at each sample instant, resulting in a sequence 
of future control inputs. The first component, u(t), is 
then applied to the system. The remaining control 
signals are used to initialise the optimiser for the next 
sampling instant.

To solve the NMPC optimisation problem with 
constraints, again there are two methods discussed 
in this paper. One is the Newton-based Levenberg— 
Marquardt Approach (NLMA) (N0rgaard et al., 2001) 
with hard constraints, in which the constraints 
are considered after the optimisation search at each 
sampling instant. The other is the sequential qua 
dratic programming (SQP) (Schittowski, 1985) with 
soft constraints, which readily facilitates the setting 
of constraints at the input. In the SQP the cons 
traints are included within the optimiser, and there 
fore it is expected that it should perform better than 
NLMA. However, using the NLMA optimiser is still a 
valid method. The reason for this is the same as AMPC 
with hard constraints. The reason for considering the 
two different methods is to compare the control 
performance using the soft and hard constraints, 
respectively.

NLMA uses the Levenberg-Marquardt modification 
applied to the full Newton method, thus the Hessian 
matrix is always positively defined without a large 
weighting factor, p (N0rgaard et al., 2001). The search 
direction is found by
(H[ f/(0 (0] + A(l)/)/(l) = - C[t/W (0]. (44> 

U(r> specifies the current iterate of the sequence of future 
control inputs, 1(0 is the Levenberg-Marquardt para 
meter and /(0 is the search direction. Gradient vector
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and Hessian matrix are found by

a/a, _i
{/(/)= i/^/)

9C7(0 917(0
(45)

= -2 V £(0

+2p
8C/T(r)
617(0 8C7(0

(46)
[/(»)=

where

E(t) = [ee(t + 
ee(t + k) = rc(t

... ee(t 
)- y(t k}.

The procedure is stopped if the criterion below is 
satisfied

[/«•-!) | < 5 or z->ATmax , (47)

where <5 is the minimum increment of the input and ATmax 
is the maximum number of iterations. Thus the future 
inputs are obtained, within the constraints in Eq. (37).
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F'g. 12. Performance of NMPC on several large, random set point 
changes: (a) large scale and (b) small scale (set points (dashed), engine 
output using SQP (solid), and NLMA (dashdot)).
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Fig. 13. Performance of NMPC on small set point changes: (a) large 
scale and (b) small scale (set points (dashed), engine output using SQP 
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Fig. 14. Noise rejection performance on large, random set point 
changes, (set points (dashed), NMPC without filter (dotted), NMPC 
with filter (<p = 0.02) (solid)).

SQP methods represent a well-established approach 
to the nonlinear constrained optimisation. Schittowski 
(1985) has implemented and tested it, and shown that it 
outperforms every other tested method in terms of 
efficiency, accuracy, and percentage of successful solu 
tions over a large number of test problems. The 
algorithms required for the SQP are implemented in 
the Optimisation Toolbox in MATLAB.

5.4. Tuning of NMPC for gas turbine engines

Tuning of NMPC is similar to tuning of AMPC. 
From repeating simulation, the NMPC variables are set 
to N\ - 1, N2 = 30, Nu = 2 and p = 0.005 for both SQP
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and NLMA. The control performance of the global 
nonlinear controller is shown in Fig. 12 for large, 
random step changes and Fig. 13 for small step changes. 
The results show that fast reference tracking is achieved, 
with almost no overshoot using both optimisers. It is 
also shown that the control performance using SQP is 
slightly better with less overshoot than using NLMA. 
This is also demonstrated from the root mean square
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Fig. 15. Performance of AMPC, NMPC and one PID controller 
(Kp = 25.62, AT, = 1.68, Kj = 0) on several large, random set point 
changes: (a) large scale and (b) small scale (set point (dashed), engine 
output using AMPC (solid), NMPC (dashdot) and PID (dotted)).

error between the references and the output signals, 
which is slightly higher using NLMA (6.4054) than 
using SQP (6.4030) for large, random signal tests, since 
SQP directly takes the constraint Eq. (37) into account 
during the optimisation search. However the important 
point to note is that both of them have an acceptable 
control performance.

In order to assess the low pass filter effect on the 
control performance in the face of measurement noise, 
some white noises are added to the measured outputs. 
Fig. 14 gives some comparisons between NMPC with 
and without filter. It can be seen that better control 
performance is obtained using NMPC with filter 
{<f> = 0.02) (solid). The engine outputs are smoother 
and have less overshoot than that of NMPC without 
filter (dotted).

6. Comparison of AMPC, NMPC and PID controllers

In this section, a comparison is made between AMPC, 
NMPC and PID controllers. Only AMPC with hard 
constraint and NMPC with the SQP optimizer are 
considered in the comparison. To mimic process-model 
mismatch, the gain-scheduling PID parameters used are 
those obtained from a neural network model and 
applied to the NARMAX model.

Fig. 15 gives a comparison between a PID controller 
(obtained from 52%NH to B7%NH step change), AMPC 
with hard constraint and NMPC with the SQP optimiser
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Fig. 16. Performance of AMPC, NMPC and gain-scheduling PID controllers on small set point changes (set point (dashed), engine outputs using 

AMPC (solid), NMPC (dashdot), and gain-scheduling PID (dotted)).
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for large, random step changes. It shows that for the 
PID the response is under-damped for some ranges and 
for other ranges is over-damped. However, AMPC and 
NMPC give consistently a good performance with a fast 
rise time and nearly no over-shoot. A closer examination 
shows that AMPC performs slightly better than NMPC. 
This is because the process model is acting as an open- 
loop observer of the engine with NMPC and gives zero 
offset. Since the model uncertainties were not modeled, 
they did not affect the predictor model output although 
they clearly affect the engine output. Therefore, the 
model predictions could be inaccurate and consequently 
on-line model adaptation schemes should be considered. 
For small step changes, a comparison has been shown in 
Fig. 16 using three different methods, where all of them 
can provide optimal control. It can be seen that the step 
response using the gain-scheduling PID is faster, but 
presents more overshoot than using AMPC and NMPC.

Table 2
ITAE indexes using the gain-scheduling PID, AMPC and NMPC for
small step changes

Step changes (%NH) ITAE indexes

52-57 
62-67 
72-77 
82-87

Gain-scheduling PID AMPC NMPC

14.2
15.0
10.2
14.3

7.9 
7.0 
7.6 
8.3

20.2 
9.1 
8.2 
8.0

Again, AMPC performance is slightly better than that 
of NMPC. This is also indicated by the ITAE 
performance indexes in Table 2.

In order to assess the robustness of proposed three 
methods, a 1 % of NARMAX parameter uncertainties 
are added to the system. The control performance is 
shown in Fig. 17. It can be seen clearly that the best 
control performance with nearly no overshoot is 
obtained using AMPC. This indicates that AMPC is 
less sensitive to the model uncertainties. However using 
NMPC the system has more overshoot than that of 
gain-scheduling PID and AMPC.

The performance of the control scheme is also 
examined in the face of disturbances. This is shown in 
Fig. 18, where a step-input disturbance of lOOcc/s 
occurs at 30s and a step-output disturbance of \Q%NH 
takes place at 40 s. The response shows that the scheme 
using all methods ensures zero steady-state error in the 
face of large disturbances. But the control performance 
using AMPC and NMPC is better than using PID 
controllers. Again the best performance is obtained 
using AMPC.

It can be therefore concluded that the parameters in 
the gain-scheduling PID controller need to be changed 
with the operating range, but using AMPC and NMPC 
enables a global controller to be implemented and 
provides the optimal control performance across the 
operating range. AMPC provides the best control 
performance in the face of disturbance and model 
uncertainties.
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Fig. 18. Comparison of AMPC, NMPC and PID control performance 
with input-output disturbance: (a) shaft speed and (b) fuel feed (set 
points (dashed), engine output using AMPC (solid), NMPC (dashdot) 
and PID (dotted)).

7. Conclusions

NARMAX and neural network representations were 
identified to provide models that are capable of 
representing the engine dynamics throughout its whole 
operating range. These models then provided the basis 
of model-based controller designs. Due to the nonlinea- 
rities of the gas turbine engine, rate limiter and 
saturation constraints on the control inputs, gain- 
scheduling PID controllers were used in order to obtain 
the optimal control performance. However the PID 
parameters using gain-scheduling PID controllers need 
to be changed with the operating range. The motivation 
of this work is to design a global controller to deal with 
the whole operating range of the engine. AMPC and 
NMPC were then proposed and demonstrated to have 
an optimal control performance for small, large and 
random signal tests, which is favourably to that of gain- 
scheduling PID controllers. The control performance 
using the proposed methods has also been assessed in 
the face of disturbances and model uncertainties, and 
that the best control performance is obtained using 
AMPC.

The results presented in this paper clearly show that 
AMPC with hard constraints enables the control inputs 
to be obtained analytically, which reduces the computa 
tion time. This results in a simple and easy implementa 
tion to that of NMPC. It provides an efficient approach 
to the adaptive control of the gas turbine engine in place 
of gain-scheduling PID controllers.

Further work will involve the real-time implementa 
tion using dSPACE, which can capture, store real-time 
plant data and implement the different complex control

algorithms. Thus the proposed control strategies can be 
implemented in the real-time.
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Abstract

This paper presents controllers based on linear and 
nonlinear models of an aircraft gas turbine engine. These 
models along with the performance indexes, 1TAE, IAE 
and IBS are used to estimate the parameters of a PID 
controller. The parameters and hence the quality of the 
controllers are very much dependent on the accuracy of 
the models. It is shown that the Nonlinear AutoRegressive 
Moving Average with exogenous (NARMAX) 
representation provides a comprehensive benchmark for 
controller design, since it models the global dynamics of 
the engine. However, the linear models provide an 
accurate representation for small signal inputs and give a 
reliable method for estimating the controller parameters 
for a limited operating range. A comparison between 
controllers using linear and NARMAX models is made.

1 Introduction

Gas turbines are now extensively used in aerospace, 
marine and industrial applications. With this increasing 
use in a diverse range of applications, designing of 
controllers for optimum performance is an important 
factor in the context of improved efficiency and 
environmental friendliness. One of the essential 
requirements of any optimum controller design is the 
availability of accurate models of the dynamics of the 
system being controlled. The work presented in this paper 
is based on controller designs carried out for a Rolls 
Royce Spey Mk202 aircraft gas turbine. Although it is no 
longer in service, the Spey possesses the same 
characteristics, for control purposes as a modern engine 
such that of the EJ200 fitted to the Eurofighter [1].

This work presents controllers using models based on 
work carried out by Evans et al. [2, 3] and Chiras et al. [4, 
5, 6] in the last six years. Gas turbine modeling deals with 
the dynamic relationship between the fuel flow and the 
shaft speed. Evans et al. [2, 3] concentrated on testing the 
engine using small-amplitude multisine signals and 
frequency-domain techniques to obtain linear models of 
high accuracy at different operating points. Chiras et al. 
K 5, 6] produced several global nonlinear models of the 
engine, using block-structured (Wiener, Hammerstein, etc) 
models, NARMAX representations and neural networks.

In this work the proportional, integral and derivative (PID) 
controller is used, where the parameters are estimated 
using the previously estimated linear and nonlinear 
models. PID controllers are still the most popular 
approach to control industrial processes in spite of 
continual advances in control theory [7]. The fact that 
more than 90% of all control loops are PID controllers is 
not only due to their simple structure but also due to their 
robustness for most industrial applications. However for a 
variety of reasons most process controllers are surprisingly 
poorly tuned. Therefore, tuning of PID controllers is an 
important issue.

A variety of PID controller tuning methods have been 
developed in the last 50 years, such as Ziegler-Nichols 
rule [8], Ziegler-Nichols' complementary rule [9], 
symmetric optimum rule [10], some overshoot rule and no 
overshoot rule [11], refined Ziegler-Nichols rule [12] and 
so on. These methods are applied directly since they 
provide simple tuning rules to determine the PID 
parameters. However, since they rely on a minimum 
amount of dynamic information, the realized closed loop 
response is less than optimum.

The paper will investigate the tuning of PID controllers for 
the control of a gas turbine, using linear and nonlinear 
models. The nonlinear model is based on the NARMAX 
representation. Three performance indexes will be used, 
Integral of Error Squared (IES) [13], Integral of Absolute 
Error (IAE) and Integral of Time Absolute Error (ITAE) 
[14].

2 The Gas Turbine

A gas turbine is made of three basic components: a 
compressor, a combustion chamber and a turbine. Figure 1 
shows a simplified schematic of the Rolls-Royce Spey 
engine. Air is drawn into the engine by the compressor, 
which compresses it and delivers it to the combustion 
chamber. Within the combustion chamber the air is mixed 
with fuel and the mixture is ignited, producing a rise in 
temperature and hence an expansion of gases. These gases 
are exhausted through the engine nozzle but first pass 
through the turbine, which is designed to extract sufficient 
energy from them to keep the compressor rotating. Both 
the compressor and the turbine are split into low pressure
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(LP) and high pressure (HP) stages. The HP turbine drives 
the HP compressor and the LP turbine drives the LP 
compressor. They are connected by concentric shafts, 
which rotate at different speeds, denoted NH and N/.. These 
shaft speeds are the primary outputs of a gas turbine, from 
which the internal pressures and thrust can be calculated.

(TUP \ HP (t> \ ®LP OMIXING
COMPRESSOR \ TURBINE \ TURBINE NOZZLE 
EXT \ ENTRY \ EXIT

HP ©
COMPRESSOR TURB
EXIT EXIT

Figure 1. Simplified schematic of the Rolls Royce Spey 
engine

3 Linear Models

Work conducted by Jackson [15] showed that for a given 
stationary point the higher order nonlinear thermodynamic 
models derived from the engine physics can be reduced to 
linear models of the same order as the number of engine 
shafts. More recently, Hill [16] applied time domain 
techniques to develop discrete models. Although linear 
discrete models with good input and output properties 
were estimated, problems with the application of time 
domain techniques were reported [17].

More recently, Evans et al. [2, 3] used multifrequency 
signals and frequency domain techniques to obtain linear 
models of the engine. Multisine and Inverse Repeat 
Maximum Length Binary Sequences (IRMLBS) were 
used at amplitudes of up to ±10% of the steady state fuel 
flow. The errors due to noise and non-linearity were 
assessed and found to be small for these perturbations. 
The use of multifrequency signals and frequency domain 
techniques were found to be well suited to this problem 
since they allowed the accurate estimation of linear 
models at different operating points, by minimizing the 
effects of nonlinear distortion and by accurately modeling 
the pure time delay.

Parametric identification in the frequency domain involves 
selecting the parameters of an s-domain model with pure 
time delay Td and is defined as:

(1)

Equations (2), (3), (4) and (5) show parametric models

estimated at each operating point using a model selection 
and validation procedure described in detail in [2, 3]. It 
must be stressed here that estimation of linear models 
involves the removal of the means of the data records. In 
order to compensate for this, a constant term is added to 
the models given below.

55%NW model

=
(s + 0.897)(.s + 0.272) 

65%NW model

ls +17.9467 (2)

0.071(5 + 0.0518) e-oo212. +3Q8121 
(s + OA23)(s + 0.0485)

75%NH model

= 0.0692(. + 0.275) _ 
(s + 0.6 \6)(s + 0.244)

85%Ntf model

= 0.065^ + 0.528) _ e-M04,.,

4 Nonlinear NARMAX Model

In order to identify a global model capable of representing 
the engine dynamics at all operating points, Chiras et al. 
[4, 5, 6] used time- and frequency-domain nonparametric 
analysis and a forward-regression algorithm to estimate 
NARMAX models for the engine. The advantages of 
using the NARMAX representation are that they are linear 
in the parameters, there is no restriction in the nature of 
the excitation, and the NARMAX representation includes 
a family of other nonlinear representations such as block- 
structured models. The model is defined as:

(6)
= F{y(k-\\....,y(k -ny ), «(*-!),...., 

«(* - nj, e(k - \},....,e(k -„«)} + e(K)

F is a nonlinear function; y(k), u(k) and e(k) represent the 
engine output, input and noise signals respectively; nv , n u 
and ne are the associated maximum lags.

The selection of the NARMAX structure is based on the 
error reduction ratio (ERR) and is defined as:

_ k=\ (7)
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where g, are the coefficients; \v,(k) are the terms of an 
auxiliary model constructed in such a way that the terms 
Wi(k) are orthogonal over the data records. A forward- 
regression algorithm is employed to select the term with 
the highest ERR at each step. The procedure is usually 
stopped by using an information criterion such as the AIC,
which is defined as

(8)

al (dp ) being the variance of the residuals associated with 

a/>-term model and k is a penalizing factor.

A concatenated data set of small signal tests was used for 
structure selection and parameter estimation of the 
NARMAX model as shown in Figure 2. The model shown 
in equation (9) was then estimated using the estimation 
and validation procedure described in detail in [4, 5, 6]. It 
was shown that the model is capable of modelling the 
static and dynamic behavior of the engine for small and 
large signals, covering a wide operating range defined by 
the data used shown in Figure 2. This model will be used 
in the remainder of this paper to design controllers for the 
engine.

(a)

mmnmd
Hnmmi

•IflWfUW
UIMWMMU

0 100 200 300 400 SOO 600 700 800 900 1000 
Time (s)

0 100 200 300 400 SOO GOO 700 800 900 1000 
Time (s)

Figure 2. Concatenated data set used for estimation 
(a) measured fuel flow (b) measured HP shaft speed

y(n) - 0.7206y(n- 1) + 0.2885>>(n -2)....

+ 0.0066w(H-l)-3.3l£T5 «(rt-l)X"-2).... (9)

-0.7202 -2.56e~*y(n-l)y(n-2)

operating set point required, and the controller input is the 
error signals generated between the operating set point and 
the shaft speed. In order to prevent engine surge, the rate 
limiter^is needed. The rising slew rate of the rate limiter is 
40cc/s2 and the falling slew rate is -40cc/s2 . Furthermore 
due to the limit on fuel feed, saturation occurs at 440cc/s.

In this paper, three different integral performance indexes 
are used to select the PID parameters. To implement 
optimum control effectively, gain scheduling will have to 
be used at different operating points.

Engine 
Throttle

HIJ

y(t)

e(t PID
Controller

r
u,[t)

1
Rate

Limiter
1 1 /.. i | V>
1 

Fuel Injection System 1
1

Measured Engine

Variables

Turbine
Engine

Saturation

Fuel Flow u,(t)

Figure 3. Generalized Control Arrangement

The control requirements are that there is minimum 
overshoot and a fast response time. It must be stressed 
here that the engine thrust and power are related to the 
shaft speed, thus oscillation in the engine output will cause 
the engine power to oscillate and create difficulty for the 
pilot.

6 Optimum PID Controller Using Linear 
Models

Because of the rate limiter and saturation in the forward 
path, the analysis of the system response using linear s- 
domain models is not easily carried out. The optimum PID 
parameters are obtained by using the models given in 
equations (2 - 5) and by iterating the system (Figure 3) to 
obtain the minimum performance indexes through 
equations {(11), (13), (14), (16), (17), (19)}. The tuning of 
the controller and the evaluation and minimization of the 
performance indexes were done using a nonlinear 
minimization routine in MATLAB. The parameter space 
for Kp , Ki was in the range between 0 and 100 and for Kd 
in the range between 0 and 20.

The ideal transfer function of a PID controller expressed 
in the ^-domain is shown as

5 Gas Turbine Control

The control arrangement for the gas turbine to control the 
HP shaft speed is shown in Figure 3. The performance of 
'he gas turbine is primarily dependent on the shaft speed 
of the engine, and this is determined by the fuel feed, 
which is controlled. The engine throttle gives the

(10)

where Kp is the proportional gain, K, is the integral gain 
and Kd is the derivative gain.

The performance indexes were expressed as follows:

981 -04-6440- 1/02/S 10.00 © 2002 ASCC 828



Integral of Error Squared (IES)

For the continuous time case

40

For the discrete time case

(=0

800
J,(Kp ,K,,Kd ) IES = T^(r(n)-y(»))- (12)

n=Q

where r(t), r(n) are the desired set points and y(t), y(n) are 
the HP shaft speeds (%NH), T is the sampling time (0.05s). 
Thus the optimum PID controller design can be stated as

mn ,Kj, Kd ) IES (13)

Integral of Absolute Error (IAE)

For the continuous time case

40

J2 (K p ,Ki ,Kd ),AE = J|r(/)-XO|-* 

For the discrete time case

800
J2 (K p ,K i ,Kd ) IAE = r£|r(«)-X«)|

r=0

The optimum PID controller design is shown as 

min ./2 (^p> Kj;, Kd )jAE

Integral of Time Absolute Error (ITAE)

For the continuous time case

40

(I 4)

(15)

(16)

= \t\r(t)-y(t)\.dt (17)
1=0

For the discrete time case

800

n=0

The optimum PID controller design is shown as 

min J3 (K p , K t •, Kd ) ITAE (19)

The optimum search for the derivative parameters Kd

resulted in zero. The optimum PID parameters are shown 
in Table 1.

Set point
50-60

(%NH)

60-70
(%NW)

70-80
(%NW)

80-90
(%NW)

Index
ITAE
IAE
IES
ITAE
IAE
IES
ITAE
IAE
IES
ITAE
IAE
IES

Ku
17.23
17.29
18.21
23.37
22.80
23.13
28.98
27.98
28.09
39.03
38.80
34.47

K,
1.89
1.89
1.92
2.76
2.82
2.83
3.56
3.59
3.65
4.48
4.49
4.54

Min. Index
25.55
20.81
159.21
36.44
21.18
157.63
32.01
22.38
167.60
38.36
25.12
187.05

Table 1. The optimum PID parameters at different 
operating points for the linear models (Kd = 0)

step response

!74

72

70

80.5
step response

g. 80

5 10 15 
(a) Time(s)

20
79.5

9 12 15 
(b) Time(s)

18

Figure 4. The step responses for the 70-80%N// range 
using the ITAE, IAE and IES (a) Large range (b) Small 
range

Figure 4 shows the step responses for a range between 
70%N// and 80%N// with controllers estimated using 
different indexes. It can be seen that the response of the 
system is acceptable whichever performance index was 
used although the IES index gave controller parameters 
that resulted in a little more overshoot. All the 
performance indexes gave similar controller parameters 
and consequently similar time response profiles. The 
responses of the fuel feed for a series of steps from 
50%NW to 90%NW is shown in Figure 5 using the ITAE 
index. Figure 5 shows that the percentage increase in fuel 
feed increases as the set point is increased. This 
demonstrates the nonlinear characteristic of the fuel feed 
system. The results indicate that gain scheduling is 
essential for the optimum control of the gas turbine. The 
step responses also show that the PI controller is adequate 
for the gas turbine system.
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ITAE step response
45U

400

J3U

.300

200

10U

100

i i i
... ..... r.l..............r l........... .........

;J . .
3 40 80 120 

Time(s)
160

Figure 5. The responses of the fuel feed for the 50- 
90%N// range using the ITAE

7 Optimum PID Controller Using the 
NARMAX Model

The parameters of the nonlinear NARMAX model are 
linear, and the recursive methodology is used to select the 
PID parameters. The control arrangement is shown in 
Figure 3 by using discrete time instead of using 
continuous time. The sampling time of the NARMAX 
model is 0.05s. «;(0) represents the initial output of the 
controller, and u/(n) represents the sampling point n output 
of the controller. The equations used to evaluate the 
discrete representation of the PID controller are

800

n=0

eQi)-e(n-l) 

0.05

(20)

(21)

+ «i(0)

Since the rising slew rate of the rate limiter is 40cc/s and 
the falling slew rate is — 40cc/s2 , the output of the rate 
limiter (u2) is represented by

then
0.05
= 0.05*40 + w 2 (n-l)

then

then

0.05 
w 2 (») = 0.05 * HU)) + u 2 (n - 1

(22)

0.05

'/

//zen 

e/5e

440

(23)

The NARMAX model using the controller is defined by

X") = 0.7206X" -1) + 0.2885X" - 2).... 

+ 0.0066z/ 3 (n - 1) - 3.3 le"5 w 3 (« 

- 0.7202- 2.56e~4 X« - OX" - 2)

(24)

Evaluating equations (20) through to (24) recursively, the 
performance indexes are calculated through equations 
{(12), (13), (15), (16), (18), (19)}, and the optimum PID 
parameters are obtained. The optimum search for the 
derivative parameters Kd resulted in zero. The optimum 
PID parameters for the 10%Nw step response tests from 
50%N// to 90%NW are shown in Table 2.

Set point
50-60 

(%NW)

60-70 
(%N*)

70-80 
(%NW)

80-90 
(%N/,)

Index
ITAE 
IAE 
IBS
ITAE 
IAE 
IES
ITAE 
IAE 
IES
ITAE 
IAE 
IES

KD
17.85 
17.86 
19.49
20.37 
20.74 
21.72
23.73 
23.75 
24.24
27.84 
28.39 
28.99

K,
2.05 
2.05 
2.14
2.79 
2.80 
2.85
3.60 
3.60 
3.62
4.41 
4.41 
4.46

Min. Index
20.38 
18.68 
142.89
23.58 
20.01 
152.83
27.81 
21.75 
165.29
34.83 
24.19 
181.36

Table 2. The optimum PID parameters at different 
operating points for the NARMAX model (Kd — 0)

Step response
V£

Qf\ou 
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i ; !
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.. /,. .;.. ....... .........;...... ...
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j | •
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/... .1. ....... ....... J. .......
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•-• IAE
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Step response

For the saturation, its output (u3 ) is shown as

(b) Time(s)

Figure 6. The step responses for the 70-80%N// range 
using the ITAE, IAE and IES (a) Large range (b) Small 
range
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An example of the system step response is shown in 
Figure 6 for the 70-80%NW step, and is given for the three 
performance indexes. The response of the fuel feed from 
70%N// to 80%N W using the ITAE index is shown in 
Figure 7.

ITAE Step response

240

220, 10 15 20 25 
Time(s)

30 35 40

Figure 7. The response of the fuel feed for the 70-80%N// 
range using the ITAE

From Figure 6 it can be seen that the response of the 
system is acceptable whichever performance index was 
used. The rise time is fast and there is minimal overshoot, 
although the IES index gave controller parameters that 
resulted in a small overshoot. Furthermore, the PI 
structure is adequate for controlling the gas turbine. With 
the increase in the operating point, both Kp and K: are 
increased, confirming the non-linearity of the engine.

8 Comparison of the Controllers Using the 
Linear and Nonlinear NARMAX Models

The results obtained show that the controllers derived 
using linear and nonlinear models give comparable and 
acceptable responses. The values of the parameters 
obtained for the respective operating range are very 
similar for the integral action term, but in general the 
proportional gain term is somewhat higher using the linear 
models compared with the NARMAX model. The one 
exception is the 50-60%N// range.

Figure 8 compares the difference between the performance 
of the controllers designed using the linear and nonlinear 
models. It presents the step response for the 70-80%N// 
range using the parameters obtained from the ITAE index 
for both models. For the sake of comparison, the controller 
settings obtained for the 50-60%N// range are also 
included. It can be seen that the controller settings using 
the linear model give a slight overshoot, compared with 
the controller settings using the NARMAX model, which 
is critically damped. The response profile using the 
parameters obtained for the 50-60%N// range is very much 
overdamped. The less than optimum settings are indicated

by the increase in the ITAE index, which is shown in 
Table 3. Again gain scheduling is essential in order to 
implement the optimum controller effectively.

82

80

78

£.76

J74

72

70

68

ITAE Step response

10 15 20 
Time(s)

25 30 35 40

Figure 8. The step responses using the NARMAX model 
for the 70-80%NW range by using NARMAX (solid) and 
linear (dashdot) model controller parameters for the same 
range, NARMAX (dotted) and linear (dashed) model 
controller parameters for the 50-60%N// range

Model Controllers
50-60%N// linear model controller
50-60%NW NARMAX model controller
70-80%NW linear model controller
70-80%NW NARMAX model controller

ITAE Index
288.74
241.52
36.22
27.81

Table 3. The ITAE index using the controllers derived 
from 50-60%N// and 70-80%NW linear and NARMAX 
models applied to the NARMAX model for the 70-80%NW 
range.

9 Conclusions

The paper has presented linear and nonlinear NARMAX 
models of a gas turbine engine to design a controller with 
optimum settings. The parameters of the controllers are 
very much dependent on the accuracy of the models. The 
NARMAX representation is a global model and covers 
both small and large signal inputs, and therefore provides 
a comprehensive benchmark for controller design. 
However, the linear models provide an accurate 
representation for small signal inputs and give a reliable 
method for estimating the controller parameters for this 
operating regime.

The performance indexes, ITAE, IAE and IES show that 
both models give comparable and acceptable responses 
although there is a little more overshoot using the IES 
compared with the ITAE and IAE, and all three indexes 
give parameters that are similar for the respective 
operating range. The values of integral terms using the 
linear and nonlinear NARMAX models arc very similar.
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but the proportional gain terms are somewhat higher using 
the linear models except for the 50-60%NW range. The PI 
controller is adequate for the gas turbine system. Because 
of the non-linearity of the gas turbine, gain scheduling is 
essential in order to obtain the optimum control of the 
engine.
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ABSTRACT
This paper presents PID controller designs based on 

NARMAX and feedforward neural network models of a Spey 
gas turbine engine. Both models represent the dynamic 
relationship between the fuel flow and shaft speed. Due to the 
engine non-linearity, a single set of PID controller parameters is 
not sufficient to control the gas turbine throughout the 
operating range. Gain-scheduling PID controllers are therefore 
used in order to obtain optimum control. A comparison 
between the controller designs based on the two model 
representations is also made.

Keywords: gas turbines, NARMAX models, feedforward 
neural network models, gain-scheduling PID controllers.

INTRODUCTION
Gas turbines are now extensively used in aerospace, 

marine and industrial applications. With this increasing use in a 
diverse range of applications, designing of controllers for 
optimum performance is an important factor in the context of 
improved efficiency and environment friendliness. One of the 
essential requirements of designing optimum controllers is the 
availability of accurate models of the dynamics of the 
controlled system. The work presented in this paper is based on 
controller designs carried out for a Rolls Royce Spey Mk202 
aircraft gas turbine. Although it is no longer in service, for the 
control purposes, the Spey possesses the same characteristics as 
a modern engine such as the EJ200 fitted to the Eurofighter [ I ].

Gas turbine modeling in this context deals with the 
dynamic relationship between the fuel flow and shaft speed. A

large amount of work has been reported on this subject in the 
last six years. Evans et al. [2, 3, 4] used frequency-domain 
techniques and small-amplitude multifrequency signals to 
estimate linear models of the engine at different operating 
points. The errors due to noise and non-linearity were assessed 
and found to be small for these small-signal models. The fact 
that the dc gains and the dynamics of these models change with 
operating points showed that the gas turbine is nonlinear, so the 
need was apparent for a more accurate modeling of the gas 
turbine. The work was developed further by Chiras et al. [5, 6, 
7] who used Nonlinear AutoRegressive Moving Average with 
eXogenous inputs (NARMAX) and neural network models, to 
represent the global dynamics of the engine. It was 
demonstrated that both nonlinear representations were suited 
for the identification of the gas turbine dynamics, throughout 
the operating range.

PID controllers are still the most popular approach to 
control industrial processes in spite of continual advances in 
control theory [8]. The fact that more than 90% of all control 
loops are still PID controllers owes not only to their simple 
structure but also to their robustness in industrial applications. 
However, most process controllers are surprisingly poorly 
tuned because PID tuning methods rely on a minimum amount 
of dynamic information. In [9], PID controllers were developed 
based on linear engine models using the Integral of Time 
Absolute Error (ITAE), Integral of Absolute Error (IAE), 
Integral of Error Squared (IES) performance indexes. In this 
paper, the PID parameters are estimated using the previously 
estimated NARMAX and neural network models. The 
motivation for using two different models to design the
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controllers was to critically compare the relative performance 
robustness on obtaining optimum controller parameters. It is 
shown that gain-scheduling is essential for optimum control 
and that a PI controller is adequate for the range examined. 
Finally, a comparison is made between the two controller 
designs.

NOMENCLATURE
it(ri)
y(n)
e(n)
n,,, ny , HL,
f
Wf
NH
0

V 
N 
Kp , K,, Kd

E(n) 
J

System input
System output
System noise
Input, output and noise maximum lags
Nonlinear function
Demand fuel flow
Maximum High pressure (HP) shaft speed
Values of estimation parameters (weights)
Model one-step ahead prediction
Cost function, sum of square errors
Number of input/output data samples
Proportional, integral and derivative gain
terms
Error between set point and model output
ITAE performance index

GAS TURBINE MODELING

NARMAX Models
In order to identify a global model, which is capable of 

representing the engine dynamics for both the small and large 
input amplitudes, Chiras [5] used nonparametric data analysis 
in both time- and frequency-domains and an orthogonal 
estimation algorithm to estimate NARMAX models of the 
engine. The NARMAX model representation is defined as

, , \y(n-\),....y(n-n v },u(n-l),....," 
y(n) = F\ ' . . \ + e(n) 

u(n-nu ),e(n-\),...
(1)

A well-established procedure for structure selection of a 
NARMAX polynomial model is based on the error reduction 
ratio (ERR) defined by Billings [10] as

(3)

where a ~ (9 p ) is the variance of the residuals associated with a 
£>-term model and A: is a penalizing factor.

The data used for estimation of NARMAX engine models 
consisted of a concatenated set of small-signal tests as shown in 
Figure 1.

90 

z 80

I'"

leo
l/l

50

0 100 200 300 400 500 600 700 800 900 1000
Time (s)

(b)

0 100 200 300 400 500 600 700 800 900 1000 
Time (s)

Figure 1. Concatenated data set used for estimation (a) 
measured fuel flow (b) Measured HP shaft speed.

Neural Network Models
Chiras [6] used a two-layer feedforward neural network 

representation to model the fuel flow to shaft speed dynamics 
of the gas turbine. Figure 2, illustrates this well-known neural 
network structure where it can be seen that the second layer 
produces the output, thus referred to as the output layer. The 
first layer is called a hidden layer since it is hidden between the 
external inputs and the output layer. This structure is based on a 
result by Cybenco [11] who proved that a neural network with 
one hidden layer of sigmoid or hyperbolic tangent units 
(equation 4) and an output layer of linear units is capable of 
approximating any continuous function.

ERR, = - (2) /tanh (*) = - (4)

where g, are auxiliary model coefficients, \v,(ri) are terms of an 
auxiliary model that are orthogonal over the data records. A 
forward-regression orthogonal estimation algorithm is 
employed to select the term with the highest ERR, in other 
words the term which contributes most to the reduction of the 
residual variance. The procedure is usually stopped using an 
information criterion such as AIC, defined as

The network is described by the magnitude of the weights 
and biases, and should be determined by training the network 
on the estimation data. A Neural Network AutoRegrcssive with 
exogenous inputs (NNARX) engine model such as the one 
shown in Figure 3 is used in this paper. It is seen that the 
NNARX representation uses past input and output terms as 
regressors. Parameter estimation involves the minimization of 
the sum of square errors given by
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(5)

where 9 are the model parameters (weights), v(«) the system 
output, v(n) the model estimate, N the number of samples and 
z" a matrix known as training data given by

Z? =[y(n) y(n-\\...y(n-ny ) u(n-\)....u(n~nu )} (6)

and the parameter estimate 8 is obtained as

/ N

9 = (7)

First (hklden) layer
/- N

z n i
f,

w 1.1

\ //

Second (output) layer
/• N

z '. r, ^

z n' s,
f. 1 ^

i«2
Z

n s r,

Figure 2. Two-layer feedforward neural networks.

————*- Neural 
"("-'i » Network

u(n- nu )

Figure 3. The NNARX model structure.

All estimators and algorithms required for the estimation 
and validation of a multilayer perceptron feedforward neural 
network are implemented in the Neural Network System 
Identification Toolbox for Matlab written by Niargaard [12]. 
Chiras et al. [6, 7] showed that a neural network with 8 hidden 
layers provides the best performance on the existing validation 
^ta, and is capable of modeling both low and high amplitude 
dynamics of the engine.

GAS TURBINE CONTROL
The control arrangement shown in Figure 4 is employed to 

enable controller design for the HP shaft. In order to get the 
optimum engine performance, the control requirements are that 
there is minimum overshoot and a fast rise time. The 
performance of the gas turbine is primarily dependent on the 
shaft speed of the engine, which is determined by a controlled 
fuel feed. The engine throttle gives the operating set point 
required, and the control input is the error signal generated 
between the operating set point and the shaft speed. Due to the 
limit of fuel feed, saturation occurs at 440cc/s, it is thus 
necessary to employ a rate limiter in order to prevent the engine 
surge. The rising slew rate is 40cc/s2 and the falling slew rate is 
-40cc/s2 .

Figure 4. Control arrangement for the gas turbine.

Optimum PIP controller tuning using NARMAX 
Models

Tuning of PID controllers was performed by minimizing 
the ITAE indexes using the recursive methodology and a 
nonlinear minimization routine written by Grace [13]. The 
equations used to evaluate the discrete representation of the 
PID controller are shown as

(8)

n=0

K.
E(n)-E(n-\)

(9)

where r(n) is the desired set point and y(ri) is the HP shaft speed 
(%NH), Kp , Kh K.J are the proportional, integral and derivative 
gain terms, T is the sampling time (0.05s) and N is the number 
of samples, u,(n) represents the sampling point n output of the 
controller and u,(Q] represents the initial output of the 
controller. Considering the slew rates of the rate limiter, the 
output of the rate limiter u2 (n) is shown as

•40

then
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<-40if ———~ 

then u 2 (n) = T
u, (n)-u-, (n — 1)

if — 40 < —!————-———— < 40 
T

then M 2 (n) = M,(w) 

and the saturation block output j/3 is defined as

(10)

if
then
else

u 2 («)>440
(H)

The estimated NARMAX model for the engine is defined as

= 0.7206 j/(«-
s+ 0.0066H 3 («-l)-3.31eTz< 3 («-l)y("-2).... (12)

-0.7202 - 2.56e-4 y(n - 1) y(« - 2) 

and the ITAE performance indexes are expressed as follows:

N 
rV1

n=0

Thus the PID parameters are obtained as:

rnn

(13)

(14)

Evaluating the equation (14) through (8) to (13) recursively, the 
minimum performance indexes were calculated, and the 
optimum PID parameters were obtained.

Initially, one PID controller was obtained based on the 
NARMAX model and a step change from 52%NH to %7%NH . 
The optimum search for the PID parameters resulted in Kp = 
21.74, K, =1.60, Kd = 0, and a minimum performance index of 
ITAE = 372.01. Figure 5, shows the resulted step response, 
where it can be seen that a fast rise time (5.23s) is achieved, 
with almost no overshoot (Note that this response covers a wide 
range of engine speeds). In contrast, if the same controller was 
used on inputs of smaller amplitudes as shown in Figure 6, the 
responses are overdamped, especially at higher speeds. This is 
due to the fact that the PID controller is a linear controller. It is 
thus not capable of dealing with a nonlinear system throughout 
*e operating range. Gain-scheduling is therefore deemed 
essential for gas turbine control, and the PID parameters are 
recalculated using small-amplitude step inputs, to cover the 
engine operating range. Figure 7 shows engine fuel feed using 
the gain-scheduling controllers derived from the NARMAX 
model. These PID parameters are shown in Table 1, where it

can be seen that the values of both A.';, and K, vary with 
operating range.

Step Response

87

g.69.5 
in

52

400 20
Time(s)

Figure 5. Engine step response for the 52%NH to 87%NH range 
using the NARMAX model, set point (dotted), PID controller 
(solid).

Table 1. The optimum PID parameters at the different 
operating ranges using the NARMAX model {Kj = 0)

Set Points 
(%NH)
52-57
62-67
72-77
82-87

Kp

23.44
25.27
29.77
33.09

K,

2.85
3.96
5.20
6.55

Min. ITAE 
Indexes

4.83
5.40
6.16
7.21

(a) (b)
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Figure 6. Local step responses at different operating ranges, set 
points (dotted), gain-scheduling controllers (solid), one 
controller (dashdot), using the NARMAX model.
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Figure 7. Engine fuel feed at the different operating ranges 
using the gain-scheduling controllers.

A comparison of the step responses obtained using a single 
PID controller with the step responses obtained using a number 
of gain-scheduling controllers is shown in Figure 6. It is 
illustrated that the gain-scheduling controllers perform better 
than a single controller at the different operating ranges. Almost 
all step responses obtained by gain-scheduling are critically 
damped and have a fast rise time, as shown in Table 2. Figure 6 
also demonstrates that for the range examined, a PI controller 
provided adequate control. The results indicate that gain- 
scheduling is essential for optimum gas turbine control.

Table 2. PID controller performance based on the NARMAX 
model.

Set Points
(%/V)

52-57
62-67
72-77
82-87

Gain Scheduling 
Controllers

Rise Time 
(s)

1.43
1.51
1.61
1.76

Overshoot 
(%)

0.034
0.04
0.28
0.03

Single Controller

Rise Time
|_ (s)

1.73
5.53
13.59
21.54

Overshoot 
(%)

Overdamped
Overdamped
Overdamped
Overdamped

Optimum PID Controller Tuning using Neural
Networks

The methods of tuning the PID parameters based on neural 
networks are similar to those used in the design based on 
NARMAX models. Following the same procedure a single PID 
controller was obtained for a 52% to 87%/V,/ step change. The 
optimum PID parameters are Kp =25.61, K, =1.68, Kd = 0, and 
'he performance index is 364.01. The step response of the 
controlled plant is shown in Figure 8. Figure 9 shows the 
performance of the PID controller at different operating ranges, 
*here it is demonstrated once more that a single linear

controller is not capable of achieving optimum control at 
different operating ranges. Gain-scheduling is thus again 
employed to control the gas turbine. Engine fuel feed using the 
gam-scheduling controllers and neural networks is shown in 
Figure 10 and the optimum PID parameters using the gain- 
scheduling PID controllers are shown in Table 3. It is again 
seen that both K.,, and K, vary with operating range. Table 4 and 
Figure 9 show that the step responses using the gain-scheduling 
controllers not only have a fast rise time, but are also critically 
damped. Therefore, it is concluded that the gain-scheduling is 
essential in order to obtain the optimum control of the gas 
turbine. The results also suggest that a PI controller is adequate 
over the range examined.

Step Response

87

J69.5

52
400 20

Time(s)

Figure 8- Engine step response for the 52%NH to 87%A/W range 
using neural networks, set point (dotted), PID controller (solid).

Table 3. PID parameters at the different operating ranges based 
on neural network models (K^ = 0).

Set Points 
(%AW)
52-57
62-67
72-77
82-87

Kp

22.56
23.65
28.62
39.20

K,

2.35
4.94
5.66
7.62

Min. ITAE 
Indexes

5.95
5.86
5.84
7.34

Table 4. PID controller performance based on a neural network 
model.

Set Points
(%AW

52-57
62-67
72-77
82-87

Gain Scheduling 
Controllers

Rise Time 
(s)

1.53
1.48
1.60
1.82

Overshoot
(%)
0
0

0.04
0.02

Single Controller

Rise Time 
(s)

1.54
11.11
13.97
24.46

Overshoot
(%)

Overdamped
Overdamped
Overdamped
Overdamped
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Figure 9. Local step responses at the different operating ranges, 
set points (dotted), gain-scheduling controllers (solid), one 
controller (dashdot) using the neural networks.
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Figure 10. Engine fuel feed at the different operating ranges 
using the gain-scheduling controllers derived from the neural
networks.

COMPARISON OF THE TWO CONTROLLERS
The results obtained show that one set of PID controller 

parameters does not produce optimum performance across the 
different operating ranges because of the nonlinearity of the gas 
turbine. It is thus necessary to use gain-scheduling in order to 
obtain optimum gas turbine control. The parameters of the 
gain-scheduling PID controllers are found to be very similar for 
both nonlinear model representations. The optimum values of 
^ resulted in zero, and Kp and K/ are again seen to be 
increasing with operating range.

Figure 11 compares the difference between the two 
controller designs. Here, the PID controllers derived based on 
neural networks were used to control the NARMAX model. It 
can be again seen as the results in Table 5 suggest, that the 
responses are generally acceptable. Table 6 shows that the 
ITAE indexes are higher when the PID controller derived from 
neural networks is used to control the NARMAX model 
compared with the indexes obtained using the model itself 
(Table 1). This of course is an expected result since it is 
recognized that the two models exhibit different behaviour. The 
important result is that this behaviour is very similar, and that 
PID controllers designed based on both models have adequate 
performance, as demonstrated in Figure 11.
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Figure 11. Engine step responses at the different operating 
ranges using the PID parameters derived from the neural 
networks applied to the NARMAX model, set points (dotted), 
gain-scheduling controllers (solid).

Table 5. PID controller (derived from the neural networks) 
performance when used with the NAMRAX model.

Set Points (%NH)
52-57
62-67
72-77
82-87

Rise Time (s)
1.48
1.49
1.59
1.71

Overshoot (%)
Overdamped

4
2

6.4

Table 6. ITAE indexes using the gain-scheduling PID 
controllers (derived from the neural networks) when applied to 
the NARMAX model.

Set Points
52-57
62-67
72-77
82-87

TAE Indexes
20.25
16.39
11.04
15.68
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CONCLUSIONS
[n this paper, NARMAX and neural network 

representations were employed to identify models capable of 
representing the engine dynamics at different speeds. These 
models provided the basis for the design of optimum PID 
controllers for the engine.

Although both nonlinear models are capable to represent 
the engine dynamics at the different operating ranges, one set of 
PID controller parameters does not give an optimum 
performance for the gas turbine at the different operating ranges 
because of the nonlmearity of the gas turbine. It was thus 
necessary to use gain-scheduling PID controllers in order to 
obtain optimum control of the gas turbine. Although the values 
of Kp and K, are slightly different for the two PID designs, both 
demonstrate acceptable performance.
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Approximate Model Predictive Control for Gas
Turbine Engines

Junxia Mu and David Rees

Abstract — A novel model predictive control strategy using 
instantaneous linearization of nonlinear models incorporating 
the Generalized Predictive Control (GPC) called Approximate 
Model Predictive Control (AM PC) is used to control a shaft 
speed of a gas turbine engine. This method gives advantages 
over the Nonlinear Model Predictive Control (NMPC), which 
is computationally demanding and has local minimums. The 
performance of the model based control schemes is dependent 
on the accuracy of the process model, so firstly the paper 
examines the estimation of global nonlinear gas turbine models 
using NARMAX and neural network representations. The 
performance of the proposed methods is examined using a 
range of small and large random step tests. The results 
illustrate the improvements in control performance that can be 
achieved to that of gain-scheduling P1D controllers.

I. INTRODUCTION
Gas turbines are now extensively used in aerospace, 

marine and industrial application. With this increasing use 
in a diverse range of application, designing of controllers 
for the optimal performance is an important consideration. 
This paper deals with the nonlinear modelling and control 
between the fuel flow and shaft speed of an aircraft gas 
turbine. The work presented here is based on a Rolls Royce 
Spey Mk202 aircraft gas turbine. Although it is no longer in 
service, for the control purposes, the Spey possesses the 
same characteristics as a modern engine.

Model Predictive Control (MFC) has been introduced 
mainly to deal with processes with complex dynamics [1] 
and now is one of the most widely used advanced control 
methods in the process control industry. MFC denotes a 
broad range of control strategies, which uses a model to 
predict future process behavior and calculate the control 
trajectory through the optimization of an objective function 
within a specified horizon.

Model based control schemes are highly related to the 
accuracy of the process model. Recent work by Evans et at. 
[2] concentrated on testing the engine using small- 
amplitude multisine signals and frequency domain 
techniques to identify linear models of high accuracy at a

J. Mu and D. Rees are with the School of Electronics, University of 
Glamorgan, Pontypridd, CF37 1DL, Wales, UK. (phone: +44-1443- 
482817; fax: +44-1443-482541; email: jmu@glam.acuk; 
dreesrojglam.ac.uk).

range of different operating points. The errors due to noise 
and nonlinearities were assessed and found to be small for 
these small-signal models. The fact that the dc gains and the 
dynamics of these models change with operating points 
showed that the gas turbine is nonlinear, so the need was 
apparent for a more accurate nonlinear modelling of the gas 
turbine. The work was developed further by Chiras et al. 
[3,4] who used Nonlinear AutoRegressive Moving Average 
with exogenous inputs (NARMAX) and neural network 
models, to represent the global dynamics of the engine. It 
was demonstrated that both models were suitable for 
representing engine dynamics throughout its operating 
range.

Since the relationship between the fuel flow and shaft 
speed of the gas turbine is nonlinear, Nonlinear Model 
Predictive Control (NMPC) provided a possible solution to 
the control problem. This is an alternative to a gain- 
scheduling FID strategy. However, NMPC involves a 
complex nonlinear programming problem. The need to use 
a simple model predictive control method is apparent. The 
proposed Approximate Model Predictive Control (AMPC) 
is based on instantaneous linearization of a nonlinear model 
at each sampling instant, thus enabling the application of 
linear model predictive control techniques. In this paper, 
Generalized Predictive Control (GPC) originally proposed 
by Clarke et al. [5,6] is applied to control the gas turbine 
engine, enabling the control trajectory to be found by direct 
analysis. The advantages of using AMPC over conventional 
nonlinear design are less computational time and the 
avoidance of the problem of local minimums.

In this paper nonlinear gas turbine modelling using 
NARMAX and neural networks is presented. Since the 
authors did not have access to a gas turbine to implement 
the control strategy, the neural network model will be used 
for the model predictor, and the NARMAX model to 
represent the "true dynamics" of the system. The motivation 
for using two different models to design AMPC is to show 
the control robustness when model mismatch occurs. The 
control performance of a gas turbine engine using AMPC is 
examined using a wide range of small and large random 
signal tests and it is shown that the control performance of 
the AMPC is superior to that of the gain-scheduling PID 
controllers.

0-7803-8335-4/04/$17.00 ©2004 AACC 5704



II. NONLINEAR GAS TURBINE MODELLING

A. N ARM AX Model
In order to identify a global model, which is capable of 

representing the engine dynamics for both the small and 
large input amplitudes, Chiras et al. [3] used nonparametric 
data analysis in both time- and frequency-domains and an 
orthogonal estimation algorithm to estimate NARMAX 
models of the engine defined by the nonlinear function:

u(t- nu ),e(t-l),...,e(t-n e )
(1)

where F is a nonlinear function; y(r), u(t), e(t) represent the 
output, input and noise signals, respectively; and /i,, n u , and 
ne are their associated maximum lags. A well-established 
procedure for structure selection of a NARMAX 
polynomial model is based on the error reduction ratio 
(ERR) defined by Billings et al. [7] as

ERR, =- (2)

1=1

where g, are auxiliary model coefficients, w,-(f) are terms of 
an auxiliary model that are orthogonal over the data 
records. A forward-regression orthogonal estimation 
algorithm is employed to select at each step the term with 
the highest ERR, in other words the term which contributes 
most to the reduction of the residual variance. The 
procedure is usually stopped using an information criterion 
such as Akaike's Information Criterion (AIC), defined as

(3)

where a^ (6p ) is the variance of the residuals associated

with ap-term model and k is a penalizing factor. One of the 
estimated NARMAX models in (4) is validated in Fig. 1 
and proved to be suitable for both small and large signal 
tests.

y(l) = 0.1206y(t - 1) + Q.2885y(t - 2)
(4)

- 0.7202 - 2.56e"4 y(r - l)y(/ - 2)

B. Neural Network Model
Chiras et al. [4] used another representation, a two-layer 

feedforward neural network, to model the fuel flow to shaft 
speed of the gas turbine. This structure is based on a result 
by Cybenco [8] who proved that a neural network with one 
hidden layer of sigmoid or hyperbolic tangent units, 
equation (5), and an output layer of linear units is capable 
of approximating any continuous function.

/tiinh \+ e - (5)

The network is described by the magnitude of the weights 
and biases, and should be determined by training the 
network on the estimation data. In this paper a Neural 
Network AutoRegressive with exogenous inputs (NNARX) 
using past input and output terms as regressors is used to 
model the gas turbine. Parameter estimation involves the 
minimization of the sum of square errors given by

(6)

where 9 are the model parameters, y(t) the system output, 
y(t) the model estimate, A'the number of samples and Z^ a 
matrix known as training data given by (7), and the 

parameter estimate 9 is obtained by (8).

z? =[y(0 >('-!)->('-",)«('-!) •••«('-««)] (7) 

0 = arg min VN (0, Z? ) (8)

Chiras et al. [4] showed that a neural network with 6 
hidden layers and one linear output layer provides the best 
performance on the existing validation data shown in Fig. 1, 
and is capable of modelling both the low and high 
amplitude dynamics of the engine. Fig. 1 shows that the 
neural network model performs better than the NARMAX 
model for the small signal tests, however for large signal 
tests the NARMAX model is better.

" /
1 / 
V

A

\M/
V v VV

/
,SJ/

M\«r

V
Time(s)

50 
Time(s)

Fig. 1. Outputs of validation data test based on NARMAX 
and neural network models. (Measured engine output 
(solid), NARMAX model output (dashed), neural network 
model output (dashdot)). (a) IRMLBS (Inverse Repeat 
Maximum Length Binary Sequence) test at 65%N,,, (b) 
IRMLBS test at 85%/V,,, (c) three-level periodic test at 58- 
70%N,,, (d) triangle wave + IRMLBS test at 65-85%/V/,.
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C. Linearization of the Neural Network Model 
In order to implement the AMPC, linear models must be 

extracted from a nonlinear model at each sampling instant. 
The coefficients of the extracted linear models can be 
calculated by the derivative of the output against each input 
[9]. For a two-layer feedforward neural network model with 
one hidden layer of tanh units and a linear output.

tanh
k=\

+ Wn (9)

where w,* and wj0 are the weights and biases of the hidden 
layer, Wk and W0 are the weights and biases of the output 
layer, respectively, tpk (t) are the output and input lag terms. 
The derivative of the output with respect to input (p,(t) is 
calculated in accordance with

1 - tanh * (10)

III. APPROXIMATE MODEL PREDICTIVE CONTROL
AMPC is a flexible criterion based design and requires 

the linearization of a nonlinear model incorporating a GPC. 
At each sampling time, a linear model is extracted from a 
neural network model and applied to predict the future 
process output within the prediction range. Predicted output 
depends on known past values of input and output signals 
and on the future trajectory, assuming that beyond a certain 
control horizon further increments in control are zero. The 
control trajectory can be found by minimizing the following 
criterion

J(t,U(f))=
(11)

k=l

with respect to the Nu future control inputs and subject to 
the control constraint

0, Nu <k<N7 -d

where /Vt denotes the minimum prediction horizon, N2 the 
maximum prediction horizon and Nu the control horizon, p 
is a weight factor penalizing changes in the control input to 
get smooth control input signals and d is the system time 
delay.

To remove the offset due to regular disturbances and to 
model mismatch, it is necessary to let the controller include 
integral action. An integrated ARX model (ARIX) is as 
following

(z- [ )y(t) = ;-'' B(z~* )n(0+ —— 
A

(12)

where A(: ) and 5(z"') are the denominator and nominator 
of the linearized models, y(t) and u(t) are the current output 
and input signals respectively. e(t) is integrated white noise.

1 1
acts as a discrete integral term. Considering

the time instant t+k, the ARIX model is as follows

(13)

To systematically derive a predictor, the model is now 
reorganized by introducing the following Diophantine 
equation

is of degree k-l and Fk(z ') is of degree na .where f
Multiplying both sides of (13) by
gives

y(t + k) = z

and using (14)

(15)

If the sequence of future control inputs is known, the 
minimum variance predictor for y(t+k) is the expectation 
conditioned on the information gathered up to time t.

y(t + k)= Gk (z~ )A«(J + k—d) + Fk (z~ l )y(t) (16)

Gk (z~') = Ek (z~' )B(z~ l ) is clearly a polynomial of order
nb +k-l. The only unknown quantities in (16) are now the 
future control inputs. In order to derive the control law it is 
necessary to separate these from the part of the expression 
containing past data

(17)

.z"-* (18)

The remaining problem is now to solve all the 
Diophantine equations. Based on Clarke et al. [5,6], a 
method referred to as recursion of the Diophantine equation 
is used to solve the Diophantine equation. Initialize the 
recursion by setting

then

k+]}where e 
polynomial EII

due to A/1 being monic, so

(19)

(20)

specifics the coefficient to z"* in the
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(H-l) _ fk=/; (22)

(23)

To derive the control law, firstly the predictors derived 
from (17) are expressed using the following vector notation

(24)

where

-\)] T

P is a matrix of dimension (N2 -d + l)x Nu :

r=

go 
8\

0

So 
g\

0

0

(25)

From the definitions of the vectors above and with

(26)

the cost function (11) can be written as

-<J>] [R — TU — <&] + pU LI (27)

The sequence of future control action is obtained by 
setting the derivative of the criterion equal to zero,

Since real processes are subject to constraints, which 
limit the range and gradient of the control signals. The 
following constraints need to be satisfied.

V«, 
u m., v V/.

(29)

IV. GAS TURBINE CONTROL
The control arrangement shown in Fig. 2 is employed to 

enable the control of a shaft speed of the engine. The engine 
throttle gives the operating point required. Due to the limit 
on fuel feed, saturation occurs at 440cc/s. Also it is 
necessary to employ a rate limiter in order to prevent engine 
surge. The rising slew rate is 40cc/s2 and the falling slew 
rate is -40cc/s2 . A future control trajectory is generated as a 
possible solution by the optimizer based on the linearized 
models using proposed AMPC methods. At each sampling

instant, only the first predicted input signal from the 
obtained control trajectory is applied to control the gas 
turbine engine.

Engine 
Throttle

i-(') Minimisation of J 
with rate limitcr 
and saturation

l L

U(l)
G

Turt 
Eng

IS

>inc —
inc

Lincari/cd 
NN 

Predictor

JV.)

Fig. 2. Control arrangement for the gas turbine engine using 
AMPC.

A. Tuning of AMPC for Gas Turbine Engines
Tuning of AMPC is quite intuitive compared to other 

control methods. Soeterboek [10] gives an elaborate 
discussion on how to tune predictive controllers. This is 
widely supported by illustrative simulation studies. AT,, N2 , 
Na and p should be set as suggested in the following:

Minimum prediction horizon N,: It is always set to the 
model time-delay d. There is no reason for choosing it 
smaller because the d-\ first predictions depend on past 
control inputs only and cannot be affected by the first action 
u(t). On the other hand it is not recommended to choose it 
bigger since this can lead to quite unpredictable results 
[10]. For the gas turbine, it is set to 1 (sampling period) and 
not tuned.

Maximum Prediction horizon 7V2 : A rule of thumb is that 
the prediction horizon should be selected approximately to 
the rise time of system [5,6]. However, often it is not 
possible to choose it this long because the calculation time 
required by AMPC is too demanding. Usually it is 
empirically tuned based on actual performance. From 
repeated experiments on the gas turbine system, the 
maximum prediction horizon is set around 30 (sampling 
periods) for the best control performance for both small and 
large random step changes.

Control horizon Nu : Soeterboek [10] suggest Nu is equal 
to the number of output lag terms. If Na is made longer, the 
control performance is slightly improved and the 
calculating time is also increased. Based to the simulation 
results, it is set to 2 (sampling periods), which is the same 
as the number of output lag terms.

The control penalty factor p: The purpose of the control 
penalty factor is to penalize large changes in the process 
input and reduce actuator wear. It is usual to set p as a 
constant in the range [0,1]. For the gas turbine system, to 
achieve the best control performance, it is set 0.05.

With the AMPC variables set to /V, -1, N-, =30, Nu =2 
and p =0.05, the global nonlinear controller results in the 
system responses shown in Fig. 3 and 4. This is for large 
random step changes (Fig. 3) and for small step changes
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(Fig. 4). The results show that a fast rise time is achieved, 
with almost no overshoot, demonstrating proposed method 
provides a near optimal performance for both small and 
large random step changes.

models exhibit slightly different dynamics, but the response 
is offset free.

20 40 60 80 100 120 140 160 180 200 
Time(s) 

(b)

20 40 60 80 100 120 140 160 180 200
Time(s)

Fig. 3. Performance of AMPC on several large random set 
point changes. Set points (dashed). Gas turbine output 
(solid).

400

?

I 300

40 60 80 100 120 140 160 
Time(s) 

(b)

20 40 60 80 100 120 140 160 
Time(s)

Fig. 4. Performance of AMPC on small set point changes. 
Set points (dashed). Gas turbine output (solid).

B. Disturbance Rejection using AMPC
The performance of the predictive control scheme is also 

explored in the face of disturbances. This is shown in Fig. 
5, where an input disturbance of lOOcc/s occurs at 30s and 
an output disturbance of \0%N,, takes place at 40s. The 
response shows that the scheme ensures zero steady state 
error in the face of the large disturbances. Also the 
proposed method is offset free in the face of model 
mismatch. This is demonstrated in the results since the 
neural network model is used for the model predictor with 
the NARMAX model representing the real plant. The two

(a)

"g 70

I
» 60 
in 

50

400

: 300

t 200s

30 35 
Time(s) 

(b)

15 20 25 30 35 40 45 50 
Time(s)

Fig. 5. Performance of AMPC with input-output 
disturbances. Set points (dashed). Gas turbine output 
(solid).

V. COMPARISON BETWEEN AMPC AND GAIN SCHEDULING 
PID CONTROLLERS

PID controllers were developed based on NARMAX and 
neural network models for gas turbine engines using 
Integral of Time Absolute Error (ITAE) performance index 
and is reported in [II]. It is shown that one set of PID 
parameters can not provide the optimal control because of 
the nonlinearitles of the engine. So the gain-scheduling PID 
controllers are deemed essential in order to obtain optimal 
control performance. To enable a comparison to be made, 
the PID parameters obtained using a neural network model 
are used to control the gas turbine, which is modelled using 
a NARMAX model.

Initially, one set of PID parameters obtained based on a 
neural network model and a large step change from 52%NJt 
to 87%/V// and AMPC controller (TV, =1, N2 =30, Nu =2 and 
p =0.05) are applied to a NARMAX model. The control 
performances are shown in Fig. 6 using a set of large 
random step changes. It shows that one PID controller is not 
suitable for controlling the random set changes, especially 
for the smaller step changes, but AMPC gives a good 
performance across the ranges. The resulting ITAE using 
one PID controller is 2654.9, which is rather higher than 
that of using AMPC (745.3). The next comparison is 
between the gain-scheduling PID controllers shown in 
Table 1 and AMPC for the small step changes. The control 
performances are shown in Fig. 7. It shows that both of 
them can provide the optimal control for the gas turbine. On 
the basis of these results, the performance of AMPC is 
better and less affected by the model mismatch than that of 
gam-scheduling PID for small step changes. Also from
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Table 1, ITAE using the gain-scheduling PID are slightly 
higher than using AMPC. So AMPC performance compares 
favorably with that of gain-scheduling PID controllers.

100 120 
Time(s)

(b)

± 200 
§

100 120 
Time(s)

Fig. 6. Performance of AMPC vs. one PID (Kp = 25.62, K, 
= 1.68, Kd = 0) on several large random set point changes. 
Set point (dashed), AMPC controlled output (solid), PID 
controlled output (dashdot).

(a) (b)

20 30 
Time(s) 

(c)

20 30 
Time(s)

_ 77
T 

I

745

_ 87

20 30 
Time(s)

20 30 
Time(s)

Fig. 7. Performance of AMPC vs. gain-scheduling PID on 
small set point changes. Set point (dashed), AMPC 
controlled output (solid), PID controlled output (dashdot).

TABLE I. ITAE using gam-scheduling PID (Kd = 0) and 
AMPC across the operating range.
Set Points

52-57
62-67
72-77
82-87

Gain-scheduling PID
K,

22.56
23.65
28.62
39.20

K,
2.35
4.94
5.66
7.62

ITAE
14.2
15.0
10.2
14.3

AMPC
ITAE

8.9
8.2
8.7
9.5

VI. CONCLUSIONS
NARMAX and neural network representations were 

identified to provide models capable of representing the 
engine dynamics throughout different operating ranges. 
These models provided the basis for the design of a model 
predictive control. AMPC based on neural network 
linearization incorporating GPC techniques was presented, 
which was applied to the gas turbine engine to control a 
shaft speed of a Spey engine. The proposed method 
provided the optimal performance not only for the small 
step changes but also for large random step changes. It has 
also been shown that the implementation can deal with 
disturbances and model mismatch. It was shown that the 
AMPC performance is superior to that of gain-scheduling 
PID controllers for the ranges examined.

AMPC as a global nonlinear controller has a smaller 
computational burden to that of NMPC and avoids the 
problem of local minimums. It can provide an efficient 
approach to the adaptive control of the gas turbine engine.
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ABSTRACT
In this paper Nonlinear Model Predictive Control (NMPC) 

is applied to a gas turbine engine. Since the performance of 
model based control schemes is highly dependent on the 
accuracy of the process model, the estimation of global 
nonlinear gas turbine models using NARMAX and neural 
network is first examined. To solve the NMPC problem, the 
Newton-based Levenberg-Marquardt Approach (NLMA) with 
hard constraints and Sequential Quadratic Programming (SQP) 
with soft constraints are validated using a wide range of large 
random, small and ramp signal tests. It is shown that the control 
performance using SQP is slightly better than that of NLMA, 
and proposed methods are robust in the face of large 
disturbances and model uncertainties. The results presented 
illustrate the improvement in the control performance using 
both methods over against gain-scheduling PID controllers.

Keywords: gas turbine engine, NARMAX, neural network 
identification, Nonlinear Model Predictive Control.

INTRODUCTION
Gas turbines are now extensively used in aerospace, marine 

and industrial application. With this increasing use in a diverse 
range of application, designing of controllers for optimum 
performance is an important factor. This paper deals with 
nonlinear modelling and control between the fuel flow and shaft 
speed. The work presented here is based on a Rolls Royce Spey 
Mk202 aircraft gas turbine. Although it is no longer in service, 
for control purposes, the Spey possesses the same 
characteristics as a modern engine.

Model Predictive Control (MFC) is now one of the most 
widely used advanced control methods in the process control 
'"dustries. MPC is a form of control, in which a model is
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applied to predict the future process behavior and the control 
trajectory can be calculated through the optimization of an 
objective function with the specified horizon. An important 
advantage of this type of control is its ability to cope with input 
and output constraints, time delays, non-minimum phase 
behavior and multivariable systems [1]. In general, there are 
two kinds of model predictive control techniques: linear and 
nonlinear. Linear Model Predictive Control (LMPC) is simple 
and carries less computational burden. It is suitable for 
processes that are only slightly nonlinear. However, strong 
nonlinearities are characteristics of many industrial processes 
and for such processes Nonlinear Model Predictive Control 
(NMPC) must be applied in order to provide satisfactory 
control performance.

In this paper, NMPC is chosen to control the shaft speed of 
a gas turbine since the relationship between the fuel flow and 
shaft speed is nonlinear. In the implementation of NMPC, 
developing a valid dynamic model is the major challenge, 
because any model based control design is highly dependent on 
the accuracy of the process model. Chiras et al. [2,3] used 
Nonlinear AutoRegressive Moving Average with exogenous 
inputs (NARMAX) and neural network models, to represent the 
global dynamics of the engine. It was demonstrated that both of 
them were suitable for the identification of engine dynamics 
across its operating range. Since the author did not have access 
to a gas turbine to implement the control strategy at the time of 
reporting this work, the neural network will be used as the 
model predictor and the NARMAX model as representing the 
"true dynamics" of the system. The motivation for using two 
different models to design NMPC is to show the control 
robustness when model mismatch occurs. To solve the NMPC 
optimization problem, Newton-based Levenberg-Marquardt 
Approach (NLMA) with hard constraints and Sequential 
Quadratic Programming (SQP) with soft constraints arc-

Copyright <o 2004 by ASM I-



proposed. The control performance is examined using a wide 
range of small, large random, ramp signal tests.

In this paper, a review of previously estimated NARMAX 
and neural network models, which provide the basis of 
designing NMPC, is presented and their properties are 
discussed. The control strategies of using NMPC are then 
developed and the properties of NLMA and SQP optimizers are 
also discussed. The control performance of the proposed 
NMPC with two different optimizers is examined and 
compared. Finally, the control performance using NMPC and a 
gain-scheduling PID controller is compared.

NOMENCLATURE
u(t) System input
y(t) System output
ee(f) System noise
eee(t) Residuals

«„, nv, ne Input, output and noise maximum lags
F Nonlinear function
/VH Maximum High Pressure (HP) shaft speed
8 Values of estimated parameters (weights)
y(t) Predicted model output
y(t + k) Model A>step ahead prediction
V Cost function, sum of square errors
N Number of input/output data samples

r(t) System reference
r(t+k) A>step ahead reference
rc(t+k) Modified £-step ahead reference
<5(0 Filtered discrepancy between model and plant
J NMPC objective function
A Levenberg-Marquardt parameter
/ NLMA Search direction
N\ Minimum prediction horizon
N2 Maximum prediction horizon
A'u Control horizon
p Control penalty factor
ITAE Integral of time Absolute Error

GAS TURBINE MODELLING

NARMAX Model
In order to identify a global model, which is capable of 

representing the engine dynamics for both the small and large 
input amplitudes, Chiras et al. [2] used nonparametric data 
analysis in both time- and frequency-domains and an orthogonal 
estimation algorithm to estimate NARMAX models of the 
engine, which is defined by a nonlinear function

X'-1),..X' -",)<"(' - 1)- 

u(l - n u ), ee(l - \),...ee(t -ne
, , ee(t) (1)

where F is a nonlinear function; y(l), n(t), ee(t) represent the 
output, input and noise signals, respectively, and «,., «„, and ne 
are their associate maximum lags. A well-established procedure 
for structure selection of a NARMAX model is based on the 
Error Reduction Ratio (ERR) defined by Billings et al. [4] as

ERR. =

5> 2 co
(2)

where g, are auxiliary model coefficients, w,(0 are terms of an 
auxiliary model that are orthogonal over the data records. A 
forward-regression orthogonal estimation algorithm is 
employed to select at each step the term with the highest ERR, 
in other words the term which contributes most to the reduction 
of the residual variance. The procedure is stopped using an 
information criterion such as Akaike's Information Criterion 
(AIC), defined as

(3)

where <T E (0^) is the variance of the residuals associated with a

p-term model, k is a penalizing factor and N defines the number 
of the data points in the data record. A concatenated data used 
for NARMAX model identification are show in Fig. 1 . One of 
estimated NARMAX models, Eq. (4), is validated in Fig. 2 
(dashed) and proved to be suitable for both small and large 
signal tests.

y(t) = 0.7206 v(t - 1) + 0.2885 v(t - 2) + 0.0066u(t - 1)....
(4)
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Fig. I Concatenated data set used for estimation, (a) measured 
fuel flow (b) measured HP shaft speed.
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Fig. 2 Output of validation data sets based on NARMAX and 
neural network models, (a) IRMLBS (Inverse Repeat Maximum 
Length Binary Sequence) test at 65%NH, (b) IRMLBS test at 
85%Afo, (c) three-level periodic test at 58-70% NH, (d) triangle 
wave + IRMLBS test at 65-85%A^, Measured output (soild), 
NARMAX model output (dashed), neural network model output 
(dash-dot).

Neural Network Model Predictor
Chiras et al. [3] used another representation, a two-layer 

feedforward neural network, to model the nonlinear relationship 
between the fuel flow and shaft speed of the engine. This 
structure is based on a result by Cybenco [5] who proved that a 
neural network with one hidden layer of sigmoid or hyperbolic 
tangent units, Eq. (5), and an output layer of linear units is 
capable of approximating any continuous function.

(5)

The network is described by the magnitude of the weights 
and biases, and should be determined by training the network 
on the estimation data. In this paper a Neural Network 
AutoRegressive with exogenous inputs (NNARX) using past 
input and output terms as regressors is used to model the gas 
turbine. Parameter estimation involves the minimization of the 
sum of square errors given by

(6)

where 8 are estimated model parameters, y(t) the system output, 
M) the model estimate, eee(t) the residuals, ;V the number of 
samples and Ztw a matrix known as training data given by

Z? =[v(e) V(t-l) ... y(t~n v ) u(i-l)... u(t-nlt )] (7)

and the parameter estimate Q is obtained by minimizing Eq. 
(6), so that

(8)

Chiras et a!. [3] showed that a neural network with 6 
hidden layers and one linear output layer provides the best 
performance (Fig. 2) on the existing validation data, and is 
capable of modelling both the low and high amplitude dynamics 
of the engine. Although the neural network and NARMAX 
models can represent the engine dynamics for both small and 
large signal tests, the neural network model performs better than 
the NARMAX model for the small signal tests. However, for 
large signal tests, the NARMAX model is better than the neural 
network model.

NONLINEAR MODEL PREDICTIVE CONTROL
Due to the nonlinearity of the gas turbine, the need to 

develop a global nonlinear controller across its whole operating 
range is apparent. NMPC is now one of the most widely used 
advanced control methods to deal with nonlinear systems in the 
process control industries. A major advantage of the NMPC is 
that the process input is optimally computed to take account of 
future predictions of the process response up to a defined 
horizon. This enables the scheme to anticipate future process 
outputs, which achieves smooth transient responses to set point 
changes and the ability to take early corrective action against 
disturbance. The components of the scheme shown in Fig. 3 
include a process, a model predictor, a corrector and a nonlinear 
optimizer.

Nonlinear 
Opttmiser

_». Rate 
i Limiter
1 1 ——————— 1

• Saturation

Fuel Injection Constraints 

y(lt N ) .y('+ -V,)

|«(0

_j

^

Ga 
Turb 
Eng

Neu 
Netw 

Mo
1

Fig. 3 Nonlinear model predictive control scheme.

Process and Model Predicitor
Since the authors did not have access to a gas turbine to 

implement the NMPC strategy at this stage, the previously 
estimated NARMAX model is used for an analogue of the gas 
turbine engine. Since any well-estimated model is still only an 
approximation to the real process, model mismatch will 
invariably occur. Therefore using the previously estimated 
neural network model as the model predictor enables model 
mismatch to be taken into account thus allowing the robustness
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of NMPC to be assessed. The £-step ahead predictor of an 
estimated neural network with tank activation functions in the 
hidden units and a linear output unit is as follows

(9)

A/,

where f(x) = tanh(.v) and

MM =

where w,/ and w/0 are the weights and biases of the hidden 
layer, W/ and W0 are the weights and biases of the output layer, 
respectively, nh is the number of hidden layers, m and n present 
the input and output lags respectively.

Corrector
Since model predictive control is based on the prediction of 

the future output by a model, offset may occur due to model 
mismatch [6,7]. In order to compensate for the control 
inaccuracy caused by model mismatch, the discrepancy between 
model and process can be used to correct the future predictions 
of the model. In the presence of noise and other disturbances, 
the robustness of the corrector can be improved by filtering the 
discrepancy with a first-order, unity gain low-pass digital filter.

<P (11)

where the coefficient (pe [0,1] determines the filter setting. The 
filtered discrepancy 8(t) is then used for the correction. Instead 
of changing the predictions of the model y(t + k), it is more 
convenient to correct the reference values r(t+k) without 
increasing the difficulty of the optimization problem according 
to the following rule:

(12)

which modifies the reference values within the prediction range 
l'V|,Ay since only these values are used in the objective 
function. Such a correction results in a robust offset free 
implementation, which corrects the model mismatch.

Objective Function
The objective function describes a control goal. In general, 

good tracking of the reference trajectory is required, with low 
control energy consumption. The future process control inputs 
can be calculated by minimizing the following objection 
function at each sampling time,

J(t,U(t))=

(13)

with respect to the N,, future control inputs. After that it is 
assumed further increments in control inputs are zero.

= [n(0 (14)
N,,<k<N 2 -\

where N, denotes the minimum prediction horizon, N2 the 
maximum prediction horizon and Nu the control horizon, p is a 
weight factor penalizing changes in the control inputs and 
Au(t H&-!) is the incremental change of future control inputs.

The gas turbine is subject to constraints, which limit the 
range and gradient of the control signals. The following 
constraints need to be satisfied.

^ "(0 < «

Vf.
(15)

Optimizer
For NMPC the optimization problem must be solved at 

each sample instant, resulting in a sequence of future control 
inputs. From this sequence, the first component, u(t), is then 
applied to the system. The remaining control signals are used to 
initialize the optimizer for the next sampling instant.

To solve the NMPC optimization problem with constraints, 
there are two methods discussed in this paper. One is the 
Newton-based Levenberg-Marquardt Approach (NLMA) [8] 
with hard constraints, in which the constraints are considered 
after the optimization search at each sampling instant. Another 
method is the Sequential Quadratic Programming (SQP) [9] 
with soft constraints, which readily facilitates the setting of 
constraints at the input. In the SQP the constraints are included 
within the optimizer, and therefore it is expected that it should 
perform better than NLMA. However, using the NLMA 
optimizer is still a valid method. The reason for this is that 
when the difference between the reference and system output is 
large, the input is set to its maximum limit, thus enabling fast 
reference tracking. When the difference is small, the control 
input using NLMA is automatically within its limit and is 
similar to the SQP case. The reason for considering the two 
different methods is to compare the control performance using 
the soft and hard constraints respectively.

NLMA uses the Levenberg-Marquardt modification 
applied to the full Newton method, thus the Hassian matrix is
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positively defined without a large weighting factor, p [8]. The 
search direction is found by

(16)

(/'''(')specifies the current iteration of the sequence of 

future control inputs, A(() is the Levenberg-Marquardt 

parameter and / c/) is the search direction. Gradient vector and 
Hessian matrix are found by

(17)

'(t)

(18)

where

AT,) ... 
= rc (t + k)~y(t + k)

The procedure is stopped if the criterion below is satisfied 

<5 or />AUx (19)

where S is the minimum increment of the input and A^ is the 
maximum number of iterations. Thus the future inputs are 
obtained, within the constraints in Eq. (15).

SQP methods represent a well-established approach to the 
nonlinear constrained optimization. Schittowski [10] has 
implemented and tested a version that outperforms every other 
tested method in terms of efficiency, accuracy, and percentage 
of successful solutions over a large number of test problems. 
The SQP implementation consists of three main stages: (a) 
Updating of the Hessian matrix of the Lagrangian function 
"sing the BFGS formula, (b) Solving quadratic programming 
Problem, (c) Line search using a merit function. The algorithms 
required for the SQP are implemented in the Optimization 
Toolbox written for Matlab [9].

GAS TURBINE CONTROL
The control arrangement shown in Fig. 3 is employed to 

control the shaft speed of the engine. The engine throttle gives 
the operating point required. In order to compensate for model 
mismatch, noise and disturbance, a corrector with a filter 
( (p = 0.3 ) is used to adjust the engine throttle. Due to the limit 
on fuel feed, saturation occurs at 440cc/s. Also it is necessary to 
employ a rate limiter to prevent engine surge. The rising slew 
rate is 40cc/s2 and the falling slew rate is -40cc/s2 . A future 
control trajectory is generated as a possible solution by the 
NLMA or SQP optimizer using proposed NMPC methods. At 
each sampling instant, only the first predicted input signal from 
the obtained control trajectory is applied to control the engine.

Tuning of NMPC for Gas Turbine Engines
Tuning of NMPC is quite intuitive compared to other 

control methods. Soeterboek [11] gives an elaborate discussion 
on how to tune predictive controllers. This is widely supported 
by illustrative simulation studies. Nt , N2 , Nu and p should be set 
as suggested in the following:

Minimum prediction horizon AV It is always set to the 
model time-delay d. There is no reason for choosing it smaller 
because the d-\ first predictions depend on past control inputs 
only and cannot be affected by the first action u(t). On the other 
hand it is not recommended to choose it bigger since this can 
lead to quite unpredictable results [11]. For the gas turbine, it is 
set to a time delay of 1 sampling period and not tuned.

Maximum Prediction horizon N2 : A rule of thumb is that 
the prediction horizon should be selected approximately to the 
rise time of the system [12]. However, often it is not possible to 
choose it this long, because the calculation time required by 
NMPC is too long. Usually it is empirically tuned based on 
actual control performance. Table 1 shows that with the 
increasing of N2 , the Integral of Time Absolute Error (ITAE) 
[13] performance indexes are reduced for large random step 
changes using both NLMA and SQP optimizers. However for 
the small step changes N2 is set around 30 sampling periods for 
the best control performance using both optimizers.

Control horizon N,,: Soeterboek [11] suggests setting N,, to 
be equal to the number of output lag terms. If N,, is made longer, 
the control performance is only slightly improved but the 
calculating time is dramatically increased. Unless the sampling 
time is very long it is thus recommended to always use the small 
value. So for the gas turbine it is set to 2 sampling periods, 
which is the same as the number of output lag terms.

The control penalty factor p: The purpose of the control 
penalty factor is to penalize large changes in the process input 
and reduce actuator wear. It is usual to set p as a constant in the 
range [0,1]. For the gas turbine system, with the decrease of p. 
the ITAE performance indexes shown in Table 2 arc only
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slightly decreased for both optimizers. When p is smaller than 
0.005, no results are obtained for large random step changes 
with NLMA optimizer. Possibly the modified Hessian Matrix 
(//[(y (0 (r)] + A(0 /) are not positively defined. To achieve the 

best control performance, it is set 0.005 for both small and large 
random step changes for both optimizers.

With the NMPC variables set to A', =1, N, =30, N,. =2 and 
p =0.005, the control performance of the global nonlinear 
controller is shown in Fig. 4 for large random step changes and 
Fig. 5 for small step changes. The results show that a fast 
reference tracking is achieved, with almost no overshoot using 
both optimizers. It is also shown that the control performance 
using SQP is slightly better than using NLMA, this is also 
demonstrated in Table 1 and Table 2 where the ITAE using 
NLMA is slightly higher than using SQP. The comparison of 
the control performance for ramp signal tests is shown in Fig. 6. 
Both of them can provide the fast tracking but the control 
performance is a little better using SQP with the ITAE (23.7) 
than using NLMA with the ITAE (29.8) as one would expect. 
Since SQP directly takes the constraint Eq. (15) into account 
during the optimization search. However the important point to 
note is that both of them have an acceptable control 
performance.
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Fig. 4 Performance of NMPC on several large random set point 
changes, (a) large scale (b) small scale. Set points (dashed), 
engine output using SQP (solid), NLMA (dash-dot).

Disturbance Rejection using NMPC
The performance of the predictive control scheme is also 

explored in the face of disturbances. This is shown in Fig. 7, 
where a step-input disturbance of lOOcc/s occurs at 30s and a 
step-output disturbance of 10%/V/, takes place at 40s. The 
response shows that the scheme ensures zero steady state error 
' n the face of large disturbances. Also the proposed method is

offset free in the face of model mismatch. Again the control 
performance using SQP is slightly better than using NLMA.
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Fig. 5 Performance of NMPC on small set point changes, (a) 
large scale (b) small scale. Set points (dashed), engine output 
using SQP (solid), NLMA (dash-dot).
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Fig. 6 Performance of ramp test, (a) large scale (b) small scale. 
Set points (dashed), engine output using SQP (solid), NLMA 
(dash-dot).

Table. 1 ITAE performance indexes with the changes of N2 (Nt 
=1, W,, =2 and p =0.005).

N2

10
20
30
40

ITAE
Large Random Step
NLMA
1562.5
1190.8
932.7
740.7

SQP
1521.3
1168.1
924.4
743.9

Small Step
NLMA

150.2
97.1
85.0
93.7

SQP
133.4
87.6
78.2
87.9
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Table. 2 ITAE performance indexes with the changes of p 
=1 JVBO and /V,, =2).

P
0.5

0.05
0.005
0.0005

ITAE
Large Random Step
NLMA
966.3
939.5
932.7
....

SQP
949.3
927.0
924.4
919.4

Small Step
NLMA

99.6
92.4
85.0
79.7

SQP
87.7
82.2
78.2
72.5

300

•200'

25 30 35
Time(s)

Fig. 7 Performance of using NMPC with input-output 
disturbance, (a) shaft speed (b) fuel flow. Set points (dashed), 
engine output using SQP (solid), NLMA (dash-dot).

NMPC COMPARED WITH PID CONTROLLERS

In this section a comparison is made between NMPC and 
PID controllers. Only NMPC with the SQP optimizer is 
considered in the comparison since it has been already shown 
that it is a slightly superior optimizer to NLMA. Mu el al. [13] 
has shown that one set of PID parameters cannot provide 
optimum control for the engine due to its nonlinearities and 
constraints on the fuel feed. So gain-scheduling PID controllers 
are deemed essential in order to obtain an optimum control 
performance. To mimic process-model mismatch, the PID 
parameters obtained from a neural network model are applied to 
the NARMAX model.

Fig. 8 gives a comparison between the PID controller, 
obtained from 52%JVW to 87%W// step changes and the NMPC 
controller using the SQP optimizer (/V, =1, N2 =30, Ntt =2 and p 
=0.005) for large random step changes. It shows that the 
response is under-damped for some ranges and for other ranges 
is over-damped. However, using NMPC, gives consistently a 
iood performance with a fast rising time and nearly no over 
shoot. This can also be seen from the ITAE index, which is

much higher using the PID controller (2654.9) compared to the 
NMPC (924.4).

For the small step changes, a comparison is made in Fig. 9 
between the gain-scheduling PID controllers (Table 3) and 
NMPC with SQP optimizer where both of them can provide 
optimum control. However, the performance using NMPC is 
slightly better and less affected by the model mismatch. This is 
also demonstrated in Table 3, where ITAE indexes using gain- 
scheduling PID controllers are slightly higher than those using 
NMPC except for the 52-57%yVw step changes. Finally Fig. 10 
gives a comparison for a ramp signal tests using both methods. 
This indicates that the reference tracking using NMPC is 
significantly better than that of PID controllers. This can also be 
seen from the ITAE index, which is 134.41 for the PID 
controller and 23.73 for the NMPC.

It can be therefore concluded that NMPC can provide 
optimal control for both small, large random step and ramp 
changes, and their control performance compares favorably 
with that of gain-scheduling PID controllers.

Table 3. ITAE using gain-scheduling PID (Kj=Q) and NMPC 
with SQP across its operating range.
Set Point 
Changes

52-57
62-67
72-77
82-87

Gain-scheduling PID
Ka

22.56
23.65
28.62
39.20

K,
2.35
4.94
5.66
7.62

ITAE
14.2
15.0
10.2
14.3

NMPC
ITAE
23.0
10.4
9.0
8.4
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Fig. 8 Performance of NMPC with SQP vs. one PID controller 
(K = 25.62, K, = 1.68, Kd = 0) on several large random set 
point changes, (a) shaft speed (b) fuel flow. Set point (dashed), 
engine output using NMPC (solid), PID (dash-dot).
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Fig. 10 Performance of NMPC with SQP vs. PID controller (Kp 
= 28.62, K, = 5.66, Kd = 0) on ramp signal tests. Set point 
(dashed), engine output using NMPC (solid), PID (dash-dot).

CONCLUSIONS
NARMAX and neural network representations were 

identified to provide models capable of representing the engine 
dynamics throughout its operating range. These models 
provided the basis for the design of the model predictive 
control. Due to the nonlinearity of the engine and constraints on 
'he fuel feed, NMPC using SQP with hard constraints and 
NLMA with soft constraints was proposed to control the shaft 
speed of the Spey engine. The proposed two methods provided 
a" acceptable performance for small, large random and ramp 
S| gnal tests although the performance of NMPC using SQP is

slightly better than that of NLMA. It has also been shown that 
the implementation can deal with large disturbances and model 
mismatch, and the control performance of using NMPC is 
superior to that of gain-scheduling PID controllers for the range 
of test signals considered.

NMPC as a global nonlinear controller can provide the 
optimum performance for any small, large random, ramp signal 
tests. It can provide an efficient approach to the adaptive 
control of the gas turbine engine in place of gain-scheduling 
PID controllers.
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Abstract
In this paper, linear and nonlinear model predictive control 
techniques are applied to control a gas turbine engine based 
on previously estimated nonlinear NARMAX and neural 
network models. Due to the nonlinearities of the engine, by 
using instantaneous linearisation of a nonlinear model 
incorporating the Generalised Predictive Control (GPC) 
called Approximate Model Predictive Control (AMPC), linear 
model predictive control techniques can be easily applied. In 
order to validate the control performance of AMPC in terms 
of assessing the effects of linearisation, Nonlinear Model 
Predictive Control (NMPC), which directly takes the gas 
turbine nonlinearities into account, is also applied to the gas 
turbine. The control performance using both methods is 
examined and compared, using a wide range of small, large 
random signal tests. The results illustrate both of them can 
provide the optimal performance for the engine for these tests 
and are robust for large disturbances. However the future 
control inputs using AMPC can be found by the direct 
analysis, thus reducing the computational time and avoiding 
the problem of local minimum. So it is more suitable for the 
real industrial use.

1 Introduction

Gas turbines were originally designed for aircraft propulsion 
but are now extensively used in aerospace, marine and 
industrial application. With this increased application, 
designing of controllers for optimal performance is an 
important consideration. This paper deals with the control 
between fuel flow and shaft speed of an aircraft gas turbine. 
The work presented here is based on data obtained from a 
Rolls Royce Spey Mk202 aircraft gas turbine.

In order to design the control system, there is need to have an 
accurate model of the gas turbine. Recent work on gas turbine 
modelling was reported by Evans et al. [4] who concentrated 
°n testing the engine using small-amplitude multisine signals 
and frequency domain techniques to identify linear models of 
high accuracy at different operating points. The fact that the 
dc gains and the dynamics of these models change with the

operating point showed that the gas turbine is nonlinear, so 
the need was apparent for an accurate nonlinear model of the 
gas turbine. The work was developed further by Chiras et al. 
[1,2] who used Nonlinear AutoRegressive Moving Average 
with exogenous inputs (NARMAX) and neural network 
models, to represent the global dynamics of the engine. One 
of the estimated NARMAX model shown in Equation (1) and 
a neural network model with 6 hidden layers and one linear 
output layer provide the best performance on the existing 
validation data shown in Figure 1. Both of them are capable 
of modelling both the low and high amplitude dynamics of 
the engine. Figure 1 also shows that the neural network model 
performs better than the NARMAX model for the small 
signal tests, however for large signal tests the NARMAX 
model is better.

y(t) = 0.7206X/ -1) + 0.2885X' - 2)

+ 0.0066u(/-l)-3.31xlO~5 H(/ 

-0.7202-2.56xlO~V('-l)v(?-2)
(D

Figure 1: Output of validation data tests based on NARMAX 
and neural network models. (Measured engine output (solid), 
NARMAX model output (dashed), neural network model 
output (dashdot)). (a) IRMLBS (Inverse Repeat Maximum 
Length Binary Sequence) test at 65%NH, (b) IRMLBS test at 
85%WW, (c) three-level periodic test at 58-70%;V//, (d) triangle 
wave + IRMLBS test at 65-85%^,,.
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Based on these well-estimated models, a PID controller is 
firstly proposed due to its simple structure and robustness for 
most industrial applications. One set of PID parameters 
cannot provide satisfactory control across the operating range 
of the engine and hence a gain-scheduling PID controller is 
necessary [7]. The need is therefore apparent for a global 
controller. Model Predictive Control (MFC) is one of the 
most widely used advanced control methods in the process 
control industries. An important advantage of this type of 
control is its ability to cope with input and output constraints, 
time delays, non-minimum phase behaviour and multivariable 
system [10]. Due to these advantages, MFC is proposed for 
the control of the gas turbine. There are two MFC control 
methods considered in this paper. One is the Approximate 
Model Predictive Control (AMPC) based on instantaneous 
linearization of a nonlinear model, thus linear model 
predictive control techniques, such as Generalised Predictive 
Control (GPC) [3], can be easily applied. The control 
trajectory can be found by direct analysis, thus reducing the 
computational time and avoiding the problem of local 
minimum. In order to validate the control performance of 
AMPC in terms of assessing the effects of linearisation, the 
Nonlinear Model Predictive Control (NMPC) is also applied 
to the engine. Since the authors did not have access to a gas 
turbine to implement the control strategy, only simulation 
results are presented, where the neural network model will be 
used for the model predictor, and the NARMAX model is 
used to represent the "true dynamics" of the system. The 
motivation for using two different models to design AMPC 
and NPMC is to show the control robustness when model 
mismatch occurs. The engine control performance using both 
methods is examined and compared using a wide range of 
small and large random signal tests.

2 Approximate model predictive control

AMPC is a flexible criterion based design and requires the 
linearisation of a nonlinear model incorporating a GPC. At 
each sampling time, a linear model is extracted from a neural 
network model and applied to predict the future process 
output within the prediction range. Predicted output depends 
on known past values of input and output signals and on the 
future trajectory, assuming that beyond a certain control 
horizon further increments in control are zero. The control 
arrangement is shown in Figure 2. The control trajectory can 
be found by minimizing the following criterion

where Nt denotes the minimum prediction horizon, N2 the 
maximum prediction horizon and Nu the control horizon, p is 
a weight factor penalising changes in the control input to 
obtain smooth control input signals and d is the system time 
delay.
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Figure 2: Control arrangement for the gas turbine engine 
using AMPC.

A two-layer feedforward neural network model with one 
hidden layer of tanh units and a linear output can be 
expressed as

J>(0 = 2X- tollh SXiPtO + Wyo +fF0 (3) 
7=1 L»=l

with

= \y(t-\) ••• y(t-n ) «(/-!

where wjk and wja are the weights and biases of the hidden 
layers, Wk and W0 are the weights and biases of the output 
layer, nh and 770 are the number of neurons in the output layer 
and hidden layers respectively, ny and «„ are the maximum 
lags of the output and input signals.

To remove the offset due to the disturbance and model 
mismatch, it is necessary to let the controller include integral 
action, which can be obtained by using an integrated ARX 
model (ARIX) shown below

1 MO + (4)

where

(2)

with respect to the Nu future control inputs and subject to the 
control constraint

k) = 0, Nu <k<N2 -d

u(t) and y(t) are the current input and output signals 
respectively, m and n are their associated maximum lag terms, 
e(i) is integrated white noise.

The coefficients of the above linear models can be extracted 
from a neural network model in Equation (3) by the derivative 
of the output against each input [8]. The derivative of the 
output with respect to input <p,-(0 is calculated in accordance

with
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(5)
*•=!

The future control signals can be obtained by using recursion 
of the following Diophantine equation [3].

and

The sequence of the increments of the future control action is 
as follows

(8)

where

r=

go
g\

o
go

0

0

So -

Since the engine is subject to saturation (440cc/s) and rate 
limiter (rising slew rate is 40cc/s2 and falling slew rate is - 
40cc/s2) constraints, which limit the range and gradient of the 
control signals respectively, the following constraints need to 
be satisfied.

-Au max <Aw(/)<,
V/, 
V/.

(9)

Therefore future control input sequences based on GPC 
without constraints are obtained. The hard constraints are put 
on the first future control input since only the first predicted 
control input is applied. The rest are discarded, since at the 
next sampling instant, a new control trajectory is obtained. 
The predicted control input after constraints is applied to the 
gas turbine, also provides the input data to the GPC. When 
the control input is within its constrained range, it uses the 
achieved value, otherwise it is set to its maximum limit, thus 
enabling a fast reference tracking.

In order to validate the performance of GPC with hard 
constraints, optimal control with soft constraints is then 
explored. Clarke et al. [3] showed that the cost function in 
Equation (2) can be rewritten as

J(t, = [R - ru - *f [R - n7 - <&]+ Pu
(10)

(6) form

(7)

The third term is a constant term, which can be removed. 
Thus the cost function is changed into a standard quadratic

c>) r ny (ii)

Optimal control can be obtained using the Quadratic 
Programme (QP) algorithm, which can directly take the 
constraints in Equation (9) into account, resulting in 
significantly less computational time than NMPC. They are 
implemented using the MATLAB optimization Toolbox [6].

3 Nonlinear model predictive control

Due to the nonlinearity of the gas turbine, the need to develop 
a global nonlinear controller across its whole operating range 
is apparent. NMPC is now one of the most widely used 
advanced control methods to deal with nonlinear systems in 
the process control industries. The components of the scheme 
shown in Figure 3 include a process, a model predictor, a 
corrector and a nonlinear optimizer.

j Minimal.
I"""""'""
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Figure 3: Nonlinear model predictive control scheme.

Since model predictive control is based on predicting the 
future output using a model, offset may occur due to model 
mismatch [5,9]. In order to compensate for the control 
inaccuracy caused by model mismatch, the discrepancy 
between model and process can be used to correct the future 
predictions of the model. In the presence of noise and other 
disturbances, the robustness of the corrector can be improved 
by filtering the discrepancy with a first-order, unity gain low- 
pass digital filter.

a (12)

where the coefficient a e [0,1] determines the filter setting. 

The filtered discrepancy S(t) is then used for the correction. 

Instead of changing the predictions of the model y(t + k), it 
is more convenient to correct the reference values r(t+k) 
without increasing the difficulty of the optimization problem 
according to the following rule:



Control 2004, University of Bath, UK, September 2004 ID-055

k = TV,,..., (13)

which modifies the reference values within the prediction 
range [Ni.Ni] since only these values are used in the objective 
function. Such a correction results in a robust offset free 
implementation, which corrects the model mismatch.

Future process control inputs can be calculated by minimizing 
the objection function (2) with respect to the constraints 
Equation (9). For NMPC, the optimization problem must be 
solved at each sample instant, resulting in a sequence of 
future control inputs. From this sequence, the first 
component, u(t), is then applied to the system. The remaining 
control signals are used to initialize the optimizer for the next 
sampling instant. To solve the NMPC optimization problem 
with constraints, the Sequential Quadratic Programming 
(SQP) as a well-established approach to the nonlinear 
constrained optimization is used. The algorithms required for 
the SQP are implemented in the Optimization Toolbox in 
Matlab[6].

4 Tuning of AMPC and NMPC for gas turbine 
engines
Tuning of MPC is quite intuitive compared to other control 
methods. Soeterboek [11] gives an elaborate discussion on 
how to tune predictive controllers. There are some guidelines 
as follows. Minimum prediction horizon A^ is always set to 
the model time delay. There is no reason for choosing it 
smaller because the d-\ first prediction depends on past 
control inputs only and cannot be affected by the first action 
u([). On the other hand it is not recommended to choose it 
larger since this can lead to quite unpredicted results. 
Maximum prediction horizon N2 should be selected 
approximately to the rise time of the system [6]. However 
often it is not possible to choose it this long, because the 
calculation time required by the MPC is too demanding. 
Usually it is tuned based on the actual control performance. 
Control horizon Nu is suggested to be equal to the number of 
output lag terms. If Nu is made longer, the control 
performance is only slightly improved but the calculating 
time is dramatically increased. The control penalty factor p is 
usually set to be a constant value in the range [0,1 ] from the 
actual control performance.

According to the above guidelines and from repeated 
experiments, the variables of the AMPC with hard constraints 
are set to N} =\, N2 =30, Nu =2 and p =0.05 for the best 
control performance shown in Figure 4 for large random step 
changes and in Figure 5 for small step changes. The results 
show that a fast rise time is achieved, with almost no 
overshoot for both tests. With the same controller setting as 
GPC with hard constraints, the control performance using 
GPC with soft constraints is very similar. Figure 6 shows the 
differences for both the input and output signals, which are 
very small. It can be concluded that GPC with hard 
constraints provides an optimal control of the engine with less 
computational time compared to GPC with soft constraints.

For the NMPC, its variables are set to N, =1, N2 =30, Nu =2 
and p =0.005, and a filter is set to (p - 0.3 for the best control 
performance. The global nonlinear controller results in the 
system responses shown in Figure 4 for large random step 
changes and in Figure 5 for small step changes. It is shown 
that NMPC also gives consistently a good performance for 
the range examined. On closer examination of the response, it 
can be seen that the AMPC slightly performs better that the 
NMPC. This is because the process model is acting as an 
open-loop observer of the engine with the NMPC in order to 
obtain the zero offset. Therefore the model predictions could 
be inaccurate and consequently on-line adaptation schemes 
should be considered.

(a)

200

Figure 4: Control performance using AMPC (solid) and 
NMPC (dashdot) on several large random set point changes 
(dashed), (a) large scale (b) small scale.
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Figure 5: Control performance using AMPC (solid) and 
NMPC (dashdot) on small set point changes (dashed), (a) 
large scale (b) small scale.

The performance using both methods is also explored in the 
face of disturbances. This is shown in Figure 7, where an 
input disturbance of lOOcc/s occurs at 30s and an output 
disturbance of \0%NH takes place at 40s. The response shows
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that the scheme ensures zero offset in the face of a large 
disturbance and model mismatch. Again the control 
performance is better using AMPC than using NMPC.

20 40 60 80 100 120 140 160 160 200

100 120
Time(s)

Figure 6: The difference between GPC with hard and soft 
constraints, (a) fuel feed (b) engine output

(a) 
90 r

Figure 7: Control performance using AMPC (solid), NMPC 
(dashdot) with input-output disturbances, set points (dashed).

5 Conclusions

The gas turbine control using AMPC and NMPC based on 
previously estimated NARMAX and neural network models 
was discussed in this paper. Their properties were presented 
and their control performance was illustrated and compared 
using a wide range of small, large random signal tests. It was 
shown that both of them provided an optimal control 
performance for the range examined. It has also been shown 
that the implementation can deal with large disturbances and 
model mismatch.

It can be concluded that the AMPC with hard constraints as a 
global nonlinear controller is more time-efficient and avoids 
'he problem of local minimum compared to the AMPC with 
soft constraints and the NMPC. It therefore provides an

efficient approach to the adaptive control of the gas turbine 
engine.

The benefit ot the implementation proposed is the creation of 
a global controller, but this is at the cost of a more complex 
control implementation. This study is clearly in its embryonic 
state, as gas turbines are multi-modal and under the regulation 
of a large number of variables. The authors were constrained 
in this study to single-input and single-output models due to 
the unavailability of data to create a multiple input-output 
models.
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Abstract
In this paper, the problems of networked control systems with 
the random time-delay caused mainly by the routes of the data 
transmission and the network traffic in the forward and 
backward communication channels are presented. This 
random time delay highly degrades the control performance 
of the networked control system, and can make the system 
unstable. In order to deal with these problems, a modified 
model predictive control is proposed. Model predictive 
control can provide future command sequences, which can be 
executed when the forward communication channel is 
delayed or broken. Also using a model predictor the random 
time delay in the backward channel can be compensated. 
Their control properties are presented and the stability of 
networked control systems is also discussed. Some simulation 
results show that the proposed methods are feasible and 
efficient.

1 Introduction

With the growth in computing and networking abilities, 
internet-based control systems for the remote monitoring and 
adjustment of plant, have received more attention in recent 
years. They can be potentially used in a lot of industries, and 
this has been demonstrated from small-scale plant 
experiments [7,8] and web-based control laboratories used for 
long distance learning [2,5]. This kind of control system 
involves controlling a plant from a remote location through a 
communication channel, in which the uncertain transmission 
time-delay and data-loss highly degrade the control 
performance of the system. These problems are mainly 
caused by the routes of the data transmission and the network 
traffic [3]. A widely adopted solution consists of using 
predictors, which use the last available measurement from the 
remote location and a reliable dynamic model of the plant to 
generate the current output. Therefore, the action of the 
predictor compensates for the delay in the backward channel. 
Similarly the delay in the forward channel can be cancelled 
by generating further predicted control signals, which can be 
obtained using Model Predictive Control (MFC) [4,6].

The objective of this paper is to show how a given model 
predictive control can be modified, by adding some logic, to

deal with the random communication delay in both forward 
and backward channels. Since this work is in its early stage, 
only the constant time-delay in the forward channel is 
considered when undertaking the stability analysis. Some 
useful results are obtained and provide the basis of future 
research in this area. Finally, a simulation example is given to 
show the feasibility and efficiency of the proposed method on 
the control performance. Its superior performance to that of 
the normal MPC, used in a networked control system is 
demonstrated.

2 Design of networked control systems

In this paper, Generalised Predictive Control (GPC) proposed 
by Clarke, et al. [1] is used to generate future control inputs. 
This is used because it lends itself to the direct analysis. The 
GPC is modified to be used in the networked control system 
shown in Figure 1. It can be seen that the controller is 
remotely linked to the plant through a communication 
channel. They are connected by the Internet TCP/IP, which is 
subject to a variable transmission time-delay, which 
dramatically degrades the control system performance.

In order to compensate for the random time-delay, the 
modified GPC can be implemented as follows. During normal 
operation without the communication delay, only the first 
predicted input at each sampling instant is applied to the 
system, the remaining control signals are just discarded. 
However, when the networked control system is subject to the 
transmission time-delay in the forward channel, the new 
control signal generated arrives lately when applied to the 
plant. In this case the subsequent control input of the last 
available sequence can be safely applied to the plant to 
compensate for the time-delay. A model predictor is also used 
to compensate for the time-delay in the backward channel. 
The procedure is as follows. When the reference signal r(t) is 
applied and the future command inputs u(t) ... u(t+Nu-\) (Nu 
is the control horizon) are generated by the GPC, then this 
input sequence subject to the forward channel delay i) are sent 
to the plant, so that at time /, the input sequence becomes u(t - 
Tf ) ... u(t +Nu -\- tj). These are stored in a buffer. In order to 
compensate for the time-delay in the forward channel, the (17 
+ l)th of the latest input sequence in the buffer is used. If 
there are two or more input sequences, which arrive at the 
same time due to the random time-delay, the latest generated 
input sequence is used. At time /, the measurement of the 
current plant output y(r) is transmitted and y(t ih ) is received
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by the controller. In order to compensate for this backward external input) model including integral action is used to 
channel time-delay, a model predictor is used to predict the represent the plant, so that: 
current output y(i).

Communication
cha nnel

(2)

where /<(-') and B(z ] ) are the denominator and nominator of 
the linear model, y(t) and u(t) are the current output and input 
signals respectively. e(t) is the white noise. To minimise 
Equation (1), the Diophantine equation is used.

and

The future control input vector is obtained

[/(/) =

(3)

(4)

u(l+ N, -r f - 1)

Figure 1: Networked control system with communication 
time-delay.

In GPC, the control trajectory can be found by minimizing the 
following function:

(1)

(5)

where

r =

go 
g\

0

go 
g\

£Ni-d-\

0

0

go

k=\

with respect to the Nu future control inputs and subject to the 
control constraint

C/(0 = [«(

k-d

_ d-k

Nu <k<N2 -d + Fk (z~l )y(t)

where AT, denotes the minimum prediction horizon, A^ the in order to simplify the expression of the increments of the 
maximum prediction horizon and Nu the control horizon, p is future control inputs, Equation (5) can be rewritten as 
a weight factor and d is the system time delay. „ , •.

U(t)- D(R(t)-z~ l GAu(t)-Fy(t)) (6)
3 Stability analysis of networked control 
systems

where
D= r T r +Pi Nu l l r T

Optimal control performance is desirable for most industrial 
control systems. An essential requirement for this is the 
stability of the system across the whole operating conditions. 
The stability issue is especially important in networked 
control systems, since this kind of control system is prone to 
be unstable due to the random transmission time-delay. Since 
this work is in its early stage, the question of stability is only 
considered for the constant time-delay in the forward channel.

In order to take account of the model-process mismatch as 
well as the disturbances, an integrated ARX (AutoRegressive,

'22 '2.N-,

*~< _

with 
Gk = 

F =

,]'

= 1, 2,...,N 2
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3.1 System stability analysis without communication time 
delay

If there is no communication time-delay in the forward 
channel, only the first predicted input with its increment 
shown in Equation (7) is applied to the system.

(7)

The system stability can be analysed using the positions of the 
closed loop poles. Suppose that a system is expressed as

-d

•U(t\t) =
_ Ay(t)

u(tt) A

Equation (7) can be rewritten as

(8)

(9)

Then the relationship between the output and the references 
can be simply expressed as follows:

xo=- (10)

If the roots of the denominator in Equation (10) are within the 
unit circuit, the system is stable, otherwise it is an unstable 
system.

3.2 System stability analysis with one sampling 
communication time delay

In order to obtain the poles of the closed-loop control systems 
subject to one constant sampling time-delay in the forward 
channel, it is assumed that in the backward channel there is no 
transmission time-delay. The increments of the future control 
inputs are shown in Table 1.

Table 1. The increments of the future control inputs at time t 
and/+!.

Time t t+1
Aw(f|/) &u(t + \\t + \)

U(t) Au(t + \ 0

Au(t + k\t)

^t + 2 ' + l)

&u(t + k + l\t + \)

At the time / instant,

Aw(/|/) = Z), R(t) - Z), Gz" 1 AM(/|/) - Dl Fy(t) 

^u(t + \\t)=D 2 R(t)-D 2 Gz~ l Au(t\t)-D2 Fy(t)

At the time t+\ instant,

An(t +1|/ + 1) = D { R(( + !)-£>, GAu(t\t)- £>, Fy(t + 1)

\t + l)= Dt+1 R(t + 1) - Dk+l GAu(l t)- Dk+} Fy(t + 1) 
Based on these future predicted increments of control inputs, 
it is assumed that the control input n(t-\t-\) is known at 
the time t, and the future control inputs at the time t are

u(t + \\t) = u(t -!/-!) + Au(t\t) + Au(t + \\t)

u(t +k\t) - u(t - \\l - 1) + Au(( 0 'JO

At the time t+\ , the future control inputs are 

u(t + l\t + 1) = u(t-]\t - 1) + AM(/|/) + Au(t + l\t + \)

+ Au(t + \\t + 1) + Au(t + 2\t + 1)

= u(t - \\t - 1) + Aw(/|0 + ^ Aw(/ + ;jf +1)

When the system is subject to one constant sampling time- 
delay, it means that the system uses the second predicted 
input in the latest arrived control sequence. At t+2 instant, the 
increment of the control input Aw(/ + 2) in the system can be 
defined as

(11)

Au(t + 2) = u(t + 2\t + \)- u(t + 1|/) 

= Au(t + l\t + 1) + Au(t + 2\t + 1) - Au(t + 1| 

= (D, + D 2 )R(t + 1) - (£>! + D 2 )GAu(t)

With R(t) = R(t + l)z~ l , Equation (7) can be rewritten as 

D,R(t + \)z~} -DlFy(t)

l + D,Gz"
(12)

Since the left side of Equation (11) is related to the plant, and 
the right side is related to the GPC, Equation (11) can be 
expressed as

Bz~

-D t Fy(t)

\ + D,G:~
(13)
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The closed-loop equation is as follows

= Bz~d ((D l + D 2 )~D 2 z- {

Finally the closed-loop equation is

(14)
+ D 2 )-

The system stability can be analysed by estimating the roots 
of characteristic Equation in Equation (15).

+ Bz-d ((D} +D2 )-D2 z^]Fz' 1 (15)

3.3 System stability analysis with k sampling 
communication time delay

Following the same procedure as with one sampling 
communication time delay, the system stability can also be 
analysed when there is k sampling time-delay in the forward 
channel. The increment of the control signal in the system is

•-u(t + k + l\t + l)-u(t + k\t)
k + \ k

-^Au(t + it + \)-
/=! i=i

(16)

The system transfer function and the future increments of the 
control inputs in the GPC are put into Equation (16), then

( ' 7)

(19)

Clearly the stability of the closed-loop system is determined 
by the closed-loop poles in Equation (20).

(20)

The maximum constant time-delay in the forward 
transmission channel can be determined by checking the 
system pole positions with the time-delay starting from 1 and 
increased until the system becomes unstable.

4 Simulation results

In order to validate the proposed method, a simulation 
example, based on a model of a speed control system using a 
DC motor with the sampling time 0.12s, gives below

G(z) = 0.009201z"' + 0.005709z~2
l-1.088z~' +0.2369z -2 (21)

The GPC controller is set to NI =1, N2 =20, Nu =20 and p =0.1 
for the best control performance when there is no time-delay. 
Using the proposed method, the system can deal with a 
maximum 6 constant time-delay in the forward 
communication channel, after that, the system starts to be 
unstable. This is shown in Figure 2, where the system is 
stable with 6 constant time-delay, however, it becomes 
unstable with 7 constant time-delay.

(a)

2.s

20 30
Time(s) 

(b)

* o

20 30 
Time(s)

Figure 2: The step response with 6 (solid), 7 (dash-dot) 
constant time-delay. Reference (dashed), (a) output velocity 
(b) input voltage.
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1
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(b)

10 15 20 25 30 
Time(s)

Figure 3: Comparison with 6 constant time-delay between 
normal GPC without the network delay (dashdot), networked 
GPC using the proposed method (solid), normal GPC with the 
network delay in the plant (dotted), (a) large scales (b) small 
scales.

0 

x1CT"

30 
Time(s)

(b)

50

10 20 30
Time(s)

50

Figure 4: Comparison within 6 random time-delay between 
normal GPC without the network delay (dashdot), networked 
GPC using the proposed method (solid), normal GPC with the 
network delay in the plant (dotted), (a) step response (b) error 
between the normal GPC without the network delay and 
networked GPC using the proposed method.

A comparison is also made between normal GPC without the 
network time-delay, networked GPC with the proposed 
method, normal GPC with the network time-delay in the 
process and results are show in Figure 3 and Figure 4. This is 
done for both constant time delay (Figure 3) and random time 
delay (Figure 4). It is shown that the networked delay system 
using the proposed method has similar control performance to 
the GPC without the network time-delay, and this is 
especially true for the random time delay case. This is seen in 
Figure 4 in the output error between normal GPC without the 
network time-delay and network GPC with the proposed 
method, which is very small. Using normal GPC with the

network delay in the plant provides an unstable system for 6 
constant time-delay and for 6 random time-delay, it shows 
more overshoot than the other cases. It also shows that the 
control performance is better using 6 random time-delay than 
6 constant time-delay. With the random time delay, the 
system can have a more recent control input and is therefore 
easier to keep stable. These results show the improvement in 
the control performance using the proposed method to deal 
with the networked delay systems.

5 Conclusions

This paper has presented a method to deal with the networked 
control systems subject to the random time-delay. This is 
achieved by using a modified GPC, which can generate 
additional future input signals that can be applied to the 
system when the input signal is delayed or broken in the 
forward communication channel. The time delays in the 
backward channel can also be compensated using a predictor. 
System stability with the constant time delay in the forward 
channel has also been discussed. This provides some 
guidelines on how much constant time-delay a networked 
control system can withstand. The stability problems 
associated with the random time-delay in the forward and 
backward communication channel need to be further 
explored.
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Abstract: The paper considers the design of networked control systems with random 
network transmission delay and addresses their closed-loop stability. A novel control 
strategy is proposed to deal with the random network delay, which is termed as 
networked predictive control. The key parts of the networked predictive control are the 
control prediction generator that provides a set of future control predictions and the 
network delay compensator that removes the network transmission delay. The analytical 
stability criteria of the closed-loop networked predictive control systems are derived for 
both fixed and random networked transmission delays. Copyright © 2005 IF AC
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1. INTRODUCTION

With the development of network technology, more 
and more intelligent devices or systems have been 
embedded into the Internet for service, security and 
entertainment, including distributed computer 
systems, surveillance cameras, telescopes, 
manipulators and mobile robots. Clearly, the Internet 
has provided a powerful tool for distributed 
collaborative work. The emerging network 
technologies do have the potential to apply the 
advantages of this way of working to advanced 
control systems. The advantages include the 
following: allow remote monitoring and tuning of 
control systems; allow large (or global) area 
distributed control; and allow collaboration between 
skilled system designers and operators situated in 
geographically diverse locations. These are not 
achievable by the use of design methodologies for 
conventional control systems.
Although the notion of networked control systems 
(or network based distributed control systems) is 
relatively new and still in its infancy, it has captured 
the interest of many researchers worldwide 
(Overstreet and Tzes, 1999; Nemoto et al., 2000; 
Tipsuwan and Chow, 2003). Networked control 
systems have opened up a complete new area of real- 
world applications, namely tele-training, tele-

manufacturing, tele-surgery, museum guidance, 
traffic control, space exploration, disaster rescue, and 
health care. Recently, more and more attention has 
been paid to various issues of network based control 
systems, for example, the stability problem in the 
presence of network delays and data packet drops 
(Zhang et al., 2001), the design and implementation 
problem of the networked control system (Yang et 
al., 2003; Zhivoglyadov and Middleton, 2003) and 
the network traffic congestion problem (Wong and 
Brockett, 1999).
It is well known that the random network 
transmission delay on networks makes the design of 
networked control systems very hard. However, there 
is an advantage in networked control systems, which 
is that a set of control sequences and measurements 
can be transmitted from one location to another 
location at the same time through a network. This 
advantage is not available in conventional control 
systems. It implies that the design of networked 
control systems should be different from 
conventional control systems. Here, a new control 
strategy for networked control systems is proposed, 
which is termed as networked predictive control. 
This paper addresses the design and stability of 
networked control systems with random network 
transmission delay.



2. DESIGN OF NETWORKED PREDICTIVE 
CONTROL SYSTEMS

2. I Networked Predictive Control Scheme 
Since there is an unknown network transmission 
delay, a networked predictive controller is proposed. 
It consists of two parts: the control prediction 
generator and the network delay compensator. The

former is designed to generate a set of future control 
predictions. The latter is used to compensate the 
unknown random network delay. To make use of the 
network advantage of transmitting data packages, a 
set of consecutive control predictions in the forward 
channel are packed and transmitted through the 
network at time /. So, this networked predictive 
control system (NPCS) structure is shown in Fig. 1.

Networked predictive controller

Fig. 1. The networked predictive control system.

2.2 Design of the Control Prediction Generator 
Let SR[j~',p] denote the set of polynomials in the 
indeterminate z~' with coefficients in the field of real 
numbers and with the order p in a set of non-negative 
integer numbers. For example, the polynomial

a ,-2 4.. T~" . For the sake of simplicity, the
i ""

following assumptions are made:
a) The network time delays in the forward and 

backward channels are k and/ respectively;
b) The number of consecutive data package drops in 

the forward channel on the network is not greater 
than the largest time delay N ;

c) The network time delay/in the backward channel 
is constant;

d) The data transmitted through network are with a
time stamp.

Consider a single-input single-output discrete-time 
plant described by the following

(1)

where y(t) and u(t) are the output and control input of 
the plant, d is the time delay, and A(z~ ] )e 9t[z~',n] 
and 5(z~')e <K[z~',m] are the system polynomials. 
If there is no network transmission delay, many 
control design methods are available for the plant 
(7), for example, PID, LQG, MFC etc. Here, it 
assumes that the controller of the system without 
network delay is given by

(2)

where the polynomials C(z~' )e *R[z~ ] ,n c ] and 
D(r-')e SKIz-'.n,,] and e(t + d) = r(t + d) - y(t + d) 
is the error between the future reference r(t+d) and 
the output prediction y(t + d) .
To compensate the network transmission delay, the 
control prediction sequence u(t+k\t) at time /, for 
i=0, /. 2, .... M is generated by

and the error prediction e(t+d+i\t) at time t is defined 
as

e(t + d + i\t) = r(t +d + /')- y(t + d + i \ t) (4)

where y(t + d + i\t) is the output prediction at time t 
and r(t+d+i) is the future reference input. For the 
sake of simplicity, define the following operations:

x(t - i 1 1 - i) = z~ } x(t - i + 1 1 1 -i + 1) 

for i= 7, 2, ....t

(5)

x(t + i t) = t), for i=0, ;, 2, ... (6)

where x(.) represents y(.) and «(.).
For i=0, 1, 2, .... N, there exists the following
Diophantine equation (Clarke, et al., 1987):

A(z~ ] )£, (z" 1 ) + z~'~fFt (z" 1 ) = 1 (7)

where the polynomials £,.(z~')e 3?[r~',i + /-I] and 
F-(z~')e 9?[z~',n —1] • It is clear from assumption 
c) that the past outputs up to time /-/are available on 
the control prediction generator side. Combining the 
above and the controlled plant yields the following 
output predictions at /:

y(t + d

t) (8)

t)

which can be compacted as 

v(t + d |0

t) (3) /v, (-



(9)

The second term on the right side of the above can be 
separated into two parts: the first part contains the 
control sequence before time / and the second part 
the future control prediction sequence. So, let

/)

u(t-\ \t-\)

u(t+ N \t)

(10)

where the polynomial c k (r~' )e 5X[-~' .m + f + d -2]

and the matrix M , e

where

"*^'*" . Thus,

-, y(t +

t-\)+M,U(t t)

tj

(11)

>> (12)

>f (13) 

G(z-') = lG,(z-'), -., G^.(z-')f (14)

From the controller designed for the system without 
network delay, it is clear that the future control 
sequence can be expressed by

C(z"' )U(t \ i) = D(z"' )(R(t + d)-Y(t + d\ t)) (16)

where R(r + d) = [r(t + d), •••, r(t + d + N)J • The 

term C(z~')C/(f |r) can also be separated into two 

parts: the first part contains the control sequence 
before time t and the second part the predicted future 
control sequence. Then, let

C(z-' )U(t | /) = H(z~ l )u(t - 11 1 - 1) + LU(t | 0 (17)

where «(z -') = [//„(,--'), //,(:-'), ••-, //^(z-')f , the 

polynomial W-(z~')e «R[ z -',max{ n c -,'- 1,0}] and the 

matrix Is g^+Dxt/v+i) Combining (11), (16) and 
(17) gives

H(z~ ] )u(f-l | t-\) + LU(i | 0 = D(z' 1 )R(t

Let
(18)

(19)

where nr"')=[n,(r M ), Hu H ), .... rv(r~')l r , the polynomial 

r,(-~' )6 %[r~'. max! /(j + m +f + d- 2,0]] and the 
matrix A/ 6 ^i'V + i)x ( .v + i) As a resu]t

A-/)" (20)

Therefore, the control prediction sequence can be 
determined by the following predictive controller: 

u(t\t)

u(t + N I) p (-' .V I "

u(f-l (-1) (21)

where

and the polynomial P, (z" 1 )

5, (r'')6 '
+«-!] and
r7 c -/ -1, /i rf + m + / + d - 2, 0}]

2.3 Design of the Network Delay Compensator 
In order to compensate the network transmission 
delay, a network delay compensator is proposed. A 
very important characteristic of the network is that it 
can transmit a set of data at the same time. Thus, it is 
assumed that all predictive control sequence at time t 
is packed and sent to the plant side through network. 
The networked delay compensator chooses the latest 
control value from the control prediction sequences 
available on the plant side. For example, if the 
following predictive control sequences are received 
on the plant side:

u(t\t-kt ) ' u(i\t-k,)

u(l-k, t-k,) 
u(t-k,+\ t-k,)

u(t\t-k,)

u(t + N-k, \t-k,)_

where the control values u (t\t-k,) for /'=- /. -. ... '. 

are available to be chosen as the control input of the

(22)



plant at time /, the output of the network delay 
compensator will be

«(r) = «(r|r-min{*1 , *2 , ••-, ft,}) (23) 

which is the latest predictive control value for time t.

2.4 Implementation Procedure of Networked 
Predictive Controllers

Following the above subsections, the networked
predictive control scheme can be implemented in the
following steps:
Step 1: Design a controller of the system without 

network transmission delay to satisfy the 
requirements using conventional control 
methods, for example, PID, LQG, model 
predictve control etc., i.e., equation (2).

Step 2: Formulate output predictors to predict the 
future outputs, based on the past outputs, the 
control inputs and the reference inputs, that 
is, equation (11).

Step 3: Calculate the output sequence of the control 
prediction generator using (21)

Step 4: Transmit the output sequence of the control 
prediction generator to the controlled plant 
through a network each time.

Step 5: Apply the network delay compensator to 
choose the control input for the plant using 
(23).

3 STABILITY OF NETWORKED CONTROL 
SYSTEMS

The stability of a closed-loop system is the most 
important issue in the design of control systems. This 
section considers the stability of networked control 
systems for two cases: the first one is the case of the 
fixed network transmission delay and the second one 
is the case of the random network transmission 
delay.

3.1. Case 1: Fixed Network Transmission Delay 
It is assumed that the network transmission delays k 
and / in the forward and backward channels are 
constant. From the control prediction sequence 
derived in the previous section, it can be obtained 
that

(24)

(25)

Using (21) and (25), the fc-step ahead predictive 
control at time t is expressed by

| d f

-Q0 (z-} )y(t-f)-S0 (z-l )u(t-l\t-}) 

Then

-Sk (Z- ] )u(t-l\t-\)

t-f)
(26)

As the network transmission is assumed to be fixed 
(say K), the transmission delay compensator is taken 
as

u(t - i) = u(t-i\t-i- k), for / = 0,1, 2,..., m (27) 

Thus, the closed-loop system is
A(z~l )y(t + d + k) = B(z~ l )u(t + k) = B(z~' )u(t + k\t) 

= flz -,A (z-') + Pk (z-' )50 (z-' )z-' - P0 (
l + 50 (z-')z-

The closed-loop characteristic equation is 
)(l + S0(z-' )Z-' )+ z-"-/-* B(z~ t )(Q

-y(t-f) 

(28)

*v- > (29) 
+ a(z"' )S0 (z-' )z-' - Q,(z-' )5t (ZH )z-') = 0

If the roots of the above polynomial is within the unit 
circle, the system is stable.

3.2. Case 2: Random Network Transmission Delay 
It assumes that the network transmission delay k in 
the forward channel is random but bounded, i.e.,
k e {0,1, 2, • • •, TV}, where AT is the upper bound,
and the time delay / in the backward channel is 
constant. The plant can be written as

A(z~[ )y(t) = z~d B(z-1 b,u(t - i} (30)
i=0

Since the network transmission delay is random, to 
effectively compensate for this delay the networked 
control predictor is designed to be

u(t - 1) = u(t-i\t-i- ki), for/ = 0, 1, 2, .... m (31)

subject to k/ < ki+l + 1 , where u(t — i\t — i — ki )\s 
the latest predictive control at time t-i which is 
available at the plant side and k, e {o, 1, 2, • • • , N} is 
a random number. Following (26), the predictive 
control u(t-i\t-i-k,)is calculated by

u(t—i\t—i—kl )

As a result, the closed-loop control system is
(32)

j-jgv^ i" >au- /-t,>- '- ,-,-t,-/^

(33) 
Therefore, the closed-loop characteristic equation is

"' l+z^'^y^fr\Qt (z~')+ C\4.\ 
I L^ '^*, v ' \->"<)

i=0



subject to k, < Ar, +l +1. As *. e {0,1, 2, •••, AT} is a 
random number, it results in a switched control 
system. Actually, the stability of the closed-loop 
system is equivalent to the stability of the following 
system:

*M=Tk xk (35) 

where the state vector xk e SR" and 
0 1

0 1

1

and p.(k), for i=I, 2, .... w are the coefficients of the
closed-loop characteristic equation. So, the stability 
of the closed-loop system with random network 
delay can be determined by the switched control 
theory.

4. SIMULATION EXAMPLES

4.1 Example 1
In order to validate the proposed method, the speed 
control of a DC motor using networked predictive 
control method was simulated. The discrete model of 
DC motor is given by

G(z) =
0.00920 lz~' +0.005709?" 

l-1.088z"' + 0.2369z~2
(36)

A PID controller in the discrete form was designed 
when the communication time delay is not 
considered, which is given by

£>(z) _ 0.5 + O.lz"' +0.16z~2
C(2)

\-z~ (37)

The unit step response of the closed-loop PID control 
system without network communication delay is 
shown in Figure 2, which gives a good control 
performance.

0 10 20 30 40 50 
Time(s)

Fig. 2. The step response without network delay.
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Fig. 3. The step response with 25-step constant 
network delay in both channels.

Now, two cases are considered: one is that there is 
25-step constant communication time delay in both 
forward and backward channels and the other is that 
there is a random time delay within 25 steps in both 
channels. The simulation results for those two cases 
are shown in Figures 3 and 4. It is clear that the 
control performance is the same as one of the system 
without network time delay. So, using the proposed 
method, the network delays are completely 
compensated.

Time(s)

Fig. 4. The step response with random network delay 
within 25 steps in both channels.

Using the analytical stability criteria developed in the 
paper, the system stability was examined when the 
network delay in the forward channel changes from 0 
to 30 steps and the delay in the backward channel 
changes from 0 to 200 steps. The maximum 
magnitude of the poles of the closed-loop system has 
been shown in Figure 5. It shows the closed-loop 
system is stable for all network time delays 
considered above.

05

(

_/
) 10 20 30 40 50 6

backward time delay

Fig. 5. The maximum magnitude of the closed-loop 
poles against the forward and backward delays.

4.2 Example 2
Consider an unstable pendulum described by

= (-0.005041z~' -0.005041z~2 }/(0

with the initial condition y(0)=0. 1 and y(-l)=0. The 
controller for the system without network time delay, 
which gives an acceptable control performance as 
shown in Figure 6, is designed to be

(38)-5.6419-4.1665z~' -2.8598z"2 
1 + 0.0683?"' + 0.2201z"2



The control performance of the closed-loop systems 
using the networked predictive control scheme is 
shown in Figures 7-9 for the following cases: 
Case a): the forward delay is 2 constant steps and the

backward delay is 1 constant step; 
Case b): the forward delay is 2 constant steps and the

backward delay is 2 constant steps; 
Case c): the forward delay is random within 2 steps

and backward delay is random within 1 step.

Fig. 6. Output response for the system without 
forward and backward time delay.

Fig. 7. Output response for Case a).

Fig. 8. Output response for Case b).

It is clear from the simulation that the closed-loop 
system is stable in both case a) and case c), and 
unstable in case b). Those are also confimed using 
the closed-loop stablity cateria developed in Section 
3. Clearly, the simulation results are consistent with 
ones given by the analytical closed-loop stability 
cateria.

5. CONCLUSIONS

A new networked control scheme has been presented 
for networked distributed control system with 
random network transmission delay and also the 
stability of the closed-loop networked predictive 
control systems has been studied in this paper. The 
proposed networked predictive controller is 
comprised of the control prediction generator and the 
network delay compensator. The control prediction 
generator provides a set of future control predictions 
to satisfy the system performance requirements. The 
network delay compensator is used to overcome the 
random network transmission delay. The stability 
analysis of the closed-loop networked predictive 
control systems has given the analytical stability 
criteria for both the fixed and random network 
transmission delays, respectively. The paper provides 
a generic design procedure for networked control 
systems. In practice, there always exist uncertainties 
to a certain degree. The robustness of networked 
control systems with uncertainties, which has not 
been discussed here, will be studied in future papers.
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Design of Robust Networked Predictive Control
Systems

Junxia Mu, G. P. Liu and David Rees

Abstract - Random communication time delay highly 
degrades the control performance of networked control 
systems. The paper addresses the problem by presenting a 
novel control technique using a modified Model Predictive 
Control (MFC) and a modified Smith predictor. By using 
MFC, future control sequences are generated to compensate 
for the forward communication time delay when control 
signals are delayed or missed. Using the Smith predictor, the 
backward time delay can also be compensated for. The design 
of a filter is used to improve the robustness of the networked 
control system. To illustrate the improvement in control 
performance using the proposed method, simulation results are 
presented to show that the method is superior to the standard 
GPC and networked predictive control.

I. INTRODUCTION
With the development of network technology, the 

Internet has provided a powerful tool for distance 
collaborative work. It can be potentially used in many 
applications, such as traffic control, tele-operation, tele- 
surgery, space exploration and so on. Although Internet- 
based control system is quite new and some theories are still 
in its infancy, there has been increased interest in these 
developments in recent years. This kind of control systems 
provides a convenient way of remote monitoring and 
control of plants that are located all over the world. More 
and more researchers are working in this area. Some of 
them have produced promising results using small-scale 
experiments [1,2] and web-based control laboratories for 
long distance learning [3,4].

It is well known that networked control systems are very 
difficult to control due to the random network 
communication time delay caused by the routes of the data 
transmission and network traffic congestion [5]. This can 
produce wrong command order, even lost command 
packets, thus highly degrading the control performance of 
controlled systems. Conventional control methods are not 
suitable for this kind of systems. There is however an 
advantage in networked control systems, which is that a set 
of control sequences can be packed and transmitted from

J. X. Mu, G. P. Liu and D. Rees are with School of Electronics, 
University of Glamorgan, Pontypridd, CF37 1DL, Wales, UK (phone: 
+44-1443-482817; fax: +44-1443-482541; email: jmu@glam.ac.uk; 
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one location to another location at the same time through a 
network channel. Liu et al. [6] proposed a Networked 
Predictive Control (NPC) method to deal with these random 
communication time delay problems. In order to improve 
the control performance of the NPC scheme proposed by 
Liu et al. [6], a modified MPC is proposed to compensate 
for the forward time delay and a modified Smith predictor is 
recommended for the backward time delay. To improve 
system robustness of the proposed method to overcome 
model uncertainties, a low pass filter is used. Simulation 
results are presented to show the improvement in the 
control performance using the proposed Robust Networked 
Predictive Control (RNPC) method.

II. ROBUST NETWORKED PREDICTIVE CONTROL
In this paper, a modified Generalised Predictive Control 

(GPC) [7] is used for the design of the networked predictive 
control system shown in Fig. 1. The controller and plant are 
connected by the Internet, which causes random 
communication time delay and occasional data packet 
misses. In order to compensate for the random forward time 
delay, the networked predictive controller can be 
configured as follows. During normal operation without 
communication time delay, only the first predicted control 
signal at each sampling instant is applied to the plant, the 
remaining predicted control signals are just discarded. 
However, when the networked control system is subject to 
communication time delay and data packet failure, the 
control signal generated on the remote side is delayed or 
missed in its transmission to the plant side. In this case, the 
predicted control input from the last available sequence can 
be safely applied to the plant to compensate for these time 
delays. In order to compensate for a time delay in the 
backward channel, a modified Smith predictor is used.

To improve the robustness of the networked control 
system, a low pass unitary gain filter is used to filter the 
error produced between the delayed plant output 
measurement and its delayed open-loop model output. The 
proposed RNPC has several advantages. The design of the 
filter is very simple and takes both disturbance rejection and 
robustness requirements into account. This strategy consists 
of two steps. Firstly, choose the GPC parameters to obtain 
an optimal control performance for the nominal case

0-7803-9098-9/05/S25.00 ©2005 AACC 638



without model uncertainties. Secondly compute the output 
prediction using the open-loop model, which is corrected by 
adding the filtered error signal between the delayed plant 
output measurement and the output of the delayed open- 
loop model. 

Consider a single-input and single-out with d+l step time

delay plant, (Gn +&Gu )z~d , modelled by Gn z~d .

G =
A(z")

(1)

(2)

where AGM z"</ is unconstructed model uncertainties. na 

and nb define the maximum number of the input and output 

lag terms respectively. In GPC, the control trajectory can be 
found by minimising the following function:

J(t,U(t))= -I)]2

(3)
with respect to Nu future control inputs and subject to the 
control constraints, namely

(5)= 0, Nu <k<N2 -d-l

where N\ denotes the minimum prediction horizon, N2 the 
maximum prediction horizon, Nu the control horizon, p the 

weight factor and A = 1 - z"1 . In order to derive a predictor, 
the following Diophantine equation is used

where the polynomial Ek (z~l ) is of order k-\ and 

Fk (z~l ) is of order na.

Controller Side

Each open-loop prediction is corrected by adding the 
filtered error signal between the fixed time delayed (/) plant 
output measurement and the output of the delayed (d+f) 
open-loop model using a low-pass unitary gain filter given 
in Eq. (8).

T(z) =

-i) + T(z)(y(t -f-i)-y(t-f-i) 
\-a

1-oz-'

(7)

(8)

Using the Diophantine equation (6) and the prediction in 
Eq. (7), a future Ar-step ahead prediction is obtained.

= Gk (z- 1 )Aw(r + k - 1

+ z* ]pk (z-1 ) - Gk (z-1 )] Aw(/ - 1) + Fk (z-1 )y(t + d)
for 1 < k < N2 — d

(z~ l ) = (z~l )B(z

(9)

(10)

Therefore, the future predicted control sequence can be 
determined by the following equation [6].

(11)
u -\\t)

H

where u(t+i\t) is the i-th step ahead control prediction at 
time /, Aw(M|?-l) is the first predicted control input at time 
t-\, and the matrix H is

Communication 
channel

Plant Side

Fig. 1. The robust networked predictive control system.
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gff,-d-\ gNi-d-2

(12)

o 
o

8 Ni-d~N" (N2 -d)*N.

(13)

(14)

(15)

(16)

In order to compensate for the network communication 
time delay in the forward channel, which is assumed no 
greater than the set of the predicted control sequence, a 
network control predictor is proposed. It is assumed that all 
predicted control sequences at the current time are packed 
and sent to the plant. Then the networked delay 
compensator chooses the control value from the latest 
control sequences available on the plant side. For example 
if the following predictive control sequences are received 
on the plant side:

u(t-k2 \t-k2 ) 
u(t-k2 + I\t-k2 )

«(/!/-*,)

.-*,-!]/-*,)

«(/-*,!*-*,) 
u(t-k,+l\t-k,)

«(t\t-k,)

u(t + Nu -k2 -l\t-k2 )\
(17)

where the control values u(t\t-k,) for i- 1, 2,..., I, are 

available on the plant side. The control input of the plant at

Thus the networked predictive control scheme can be 
implemented in the following steps:
(1) Design the MFC parameters (N} , N2, Nu and p) to obtain 
the desired control performance without the networked 
communication time delay and model uncertainties.
(2) Use the same MPC parameters, the predicted control 
sequence in Eq. (1 1) is obtained, based on past inputs, past 
outputs and the future references.
(3) Transmit this control prediction sequence to the plant 
side through the communication channel.
(4) Choose the control input in the buffer in accordance 
with Eq. (18).

III. ROBUSTNESS ANALYSIS OF NETWORKED PREDICTIVE 
CONTROL SYSTEM

In order to study the robustness of the proposed RNPC, 
unstructured uncertainties are considered. The reason for 
using unstructured uncertainties is that in most industrial 
systems, the high frequency structure of the system is 
usually not known, thus low-order models are often used to 
represent the complex dynamics. This results in some 
unmodelled dynamics and the unstructured uncertainty 
model seems to be a better way to quantify this kind of 
uncertainties [8]. Also due to the forward and backward 
time delay compensators, there is a difference between the 
plant and its model. These can also be considered as 
unmodelled uncertainties. It is clear from Eq. (11) that the 
first prediction is obtained

(19)

(20)

-H^G(z~l 

which gives

u(t\t) = -

- l|r - 1) - Hl F(z~l )y(t + d)

Using Eq. (11) and Eq. (20), the ^,-step ahead control 
prediction at time t- fc,- is expressed by

«(r|/ -*,.) = «(* -ft, -1|/-*, -

(21)

«(/!/-*,)
(22)

From Eq. (20) and Eq. (22), there is a proportional
time / is chosen from the latest control sequences as ^1™^' between u(t\t - k, ) and M(/|/) , which can be
follows:

(18) stated as
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=g (23)

The difference of input signals between the plant and 
model can be stated as follows:

(ff, - F(z (24)

In order to simplify the robustness analysis of the 
networked predictive control system, let 
//,=[/!,, h]2 ••• fy(tf,-</)] and use the first predicted

control increment obtained from Eq. (19). This is shown 
below

(25)

where it can be seen that the robust networked predictive 
control can be simplified to the controller C(z) in Eq. (26)

and reference filter W(z) in Eq. (27) for the nominal case 

without model uncertainties. However for the non-nominal 
case, there is an additional controller Dt (z) included and 

each open-loop prediction is corrected by adding the 
filtered error signal between the delayed output 
measurement and the delayed open-loop model output. This 
is shown in Fig. 2.

C(z) = - (26)

(27)

Fig- 2. Equivalent structure of the robust networked 
predictive control.

To analysis the system robustness, assume that the 
disturbance <?(/) = 0 and that Gn z'd gives the transfer 

function of the linear system in its nominal case. 

Unstructured uncertainties are represented by AG,,z~d , 
thus yielding

(28)

The transfer function from u(t\t) to y(1 + d)can be 

expressed as

The first part of the above equation is the system transfer 
function for the nominal case. The second part is related to 
the forward and backward time delay, and the model 
uncertainties. These can be combined as total system 
uncertainties by:

(30)

Using the small gain theory [9], the normal | • | bound

uncertainty region is derived to maintain closed-loop 
stability and is defined as follows:

, Vwe(0,7r), z = e j<0 (31)

(32)

It can be seen that if the uncertainties caused by the 
forward and backward time delay, and unmodelled 
dynamics are within a norm boundary in Eq. (32), the 
system is stable. The model uncertainties have an inverse 
relationship to the uncertainties caused by the forward and 
backward time delay.

The nominal control performance of the system is not 
modified by including the filter T. When the plant and its 
model are exactly the same and no forward and backward 
time delay, then the error signal between the plant and its 
model is zero. So the filter T has no effect on the control 
performance of the closed system. However the disturbance 
rejection is affected by including the filter. To estimate the
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effect of the filter on the disturbance rejection performance, 
consider the closed-loop transfer function between the 
disturbance q(t) and the control input u(t\t-k,). In 
general, in order to achieve good performance for the 
disturbance rejection, \u I q\ should be close to one over the 
system bandwidth.

C(z)D,(z)Gn (z)z-d-'T(z)
\G.(z)

(33)

forward time delay can be increased to a 10-step fixed time 
delay and the system is still stable. This is shown in Fig. 4, 
where the system is stable using RNPC for a 10-step fixed 
forward and a 5-step fixed backward time delay. However 
using NPC, the system is unstable.

l + C(z)Gn (z)

C(z)D,(z)Gtt (z)T(z)
\ + C(z)Gn (z)

= 1, V<u«o0 ,z = i

where co0 is the desired bandwidth of the closed loop 
system. The percentage of the uncertainty norm boundary is 
calculated as follow:

l + C(z)G,(z)
C(z)Gn (z)T(z)

. ^ a j<» (34)

Eq. (34) clearly shows that the high disturbance rejection 
performance leads to low robustness. So there is a need to 
make a compromise between disturbance rejection and 
robustness. In general, the unstructured model uncertainties 
are dominant at high frequencies, therefore T must be 
chosen to increase the value of yP at these high frequencies 
and maintain the unitary gain of u I q for the frequencies 
below the desired bandwidth a)0 . So T must be chosen to 
have unitary gain at d.c. and to be a low pass filter.

IV. SIMULATION EXAMPLES
To illustrate the properties of the proposed robust 

networked predictive control method, a discrete model of a 
DC motor speed control system with a sampling time 0.12s, 
gives the following transfer function

G(z) =
0.009201z~1 +0.005709z~

I-1.088z~' +0.2369z -2 (35)

The GPC controller is set loN,=\,N2 =20, Nu =20 and p 
=0.1 for the best control performance when there is no 
model uncertainties and no time-delay in both forward and 
backward channels. The response is shown in Fig. 3(a). For 
a 5-step fixed backward time delay, the system can deal 
with a maximum 3-step fixed forward time delay using NPC 
proposed by Liu et al. [6]. Using the standard GPC without 
delay compensator, the system is unstable even for 0-step 
forward time. However, using the RNPC method with the 
filter setting, a = 0.9 , the system is still stable for a 19-step 
forward time delay. This is shown in Fig. 3(b).

5% denominator parameter uncertainties yield the 
transfer function in Eq. (36). For a 5-step fixed backward 
time delay, using NPC, the system can cope with a 3-step 
fixed forward time delay. However using RNPC the

-20.009201z~' +O.OQ5709z 
1-1.1424Z' 1 + 0.2487z~2

(36)

Fig. 3. Step responses, (a) no model uncertainty and time 
delay, (b) a 19-step fixed forward and 5-step fixed 
backward time delay using RNPC. Reference (dashed), 
system output (solid).

Fig. 4. Step responses for a 10-step fixed forward and 5- 
step fixed backward time delay with 5% denominator 
parameter uncertainties, (a) RNPC, (b) NPC. Reference 
(dashed), system output (solid).

If there exists unmodelled dynamics, such as Eq. (37),

G(z) =
O.Olz' 1 -Q.009007Z 

l-0.006738z~

-2
(37)

the control performance is improved using RNPC compared 
with NPC (Fig. 5). This is based on a comparison between a 
5-step fixed backward and a 10-step fixed forward time 
delay for the case of RNPC, with a 5-step fixed backward 
and 2-step fixed forward time delay for NPC. These were 
the limiting values in the case of RNPC and NPC to ensure
stability.

If the system has unmodelled dynamics in Eq. (37) and a 
2-step fixed time delay uncertainty in both channels, the 
control performance is still superior using RNPC. This is 
shown in Fig. 6 where the system can cope with a 8-step
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fixed forward time delay for a 5-step fixed backward time 
delay using RNPC. However using NPC, even with no 
forward time delay, the system is still unstable.

Fig. 5- Step responses for a 10-step fixed forward and 5- 
step fixed backward time delay with unmodelled dynamics, 
(a) RNPC, (b)NPC. Reference (dashed), system output 
(solid).

Time(s)

Fig. 6. Step responses for a 5-step fixed backward time 
delay with unmodelled dynamics and a 2-step fixed time 
delay uncertainty in both channels, (a) RNPC with a 8-step 
forward time delay, (b) NPC with a 0-step forward time 
delay. Reference (dashed), system output (solid).

Time(s) 
(b)

the forward channel and a 5-step fixed time delay in the 
backward channel. The system uncertainties are as follows: 
(a) a 2-step random time delay in both channels, (b) 
unmodelled dynamics shown in Eq. (37). Using RNPC, the 
system is stable. However it is unstable using NPC.

In conclusion, RNPC has a superior control performance 
to NPC for parameter uncertainties, unmodelled dynamics 
and time delay uncertainties for both fixed and random time 
delay in the forward channel and fixed time delay in the 
backward channel.

V. CONCLUSIONS
This paper has presented a method to improve the 

robustness of networked control systems subject to random 
transmission time delay. This is achieved by using a 
modified MPC, which can generate future input signals 
applied to the system when the input signal is delayed or 
missed in the forward communication channel. Using a 
Smith predictor, the time delay in the backward channel can 
also be compensated for. Using this structure, the 
robustness of the networked control system can also be 
improved using a low pass transfer function to filter the 
error signal between the delayed plant output measurement 
and the delayed open-loop model output. The uncertainty 
norm boundary has been obtained. If the system 
uncertainties along with uncertainties caused by the forward 
and backward time delay are within its norm boundary, the 
system is stable. Simulation results show that the proposed 
robust networked predictive control method has 
dramatically improved the control performance compared 
with the standard GPC and the NPC method proposed by 
Liu. etal. [6].

Time(s)

Fig. 7. Step responses for a 8-step random forward and a 5- 
step fixed backward time delay with unmodelled dynamics 
and a 2-step random time delay uncertainty in both 
channels, (a) RNPC, (b)NPC. Reference (dashed), system 
output (solid).

Fig. 7 gives the performance in the case of time delay 
and model uncertainties for a 8-step random time delay in
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