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Abstract

This study was concerned with investigating the wear characteristics of small direct 

current electric motors which are widely used in commercial and consumer ma 

chinery. This was aimed at developing the enabling techniques and methodologies 

to allow the establishment of effective and economical asset recovery processes for 

small electro-mechanical assemblies by manufacturers of commercial machinery. The 

wear process in small dc motors that are used in photocopying machines was invest 

igated and physical wear parameters that can be used to estimate the usage level 

of these motors were identified. Accelerated life test laboratory experiments were 

conducted to investigate the changes in the characteristics of the wear indicating 

parameters with motor usage level. The experimental results have identified the re 

verse current waveforms as the single most reliable wear indicating parameter for the 

investigated motors. Detailed investigations were conducted into signal processing 

methods and data analysis techniques to interpret the experimental data. A novel 

transform for feature extraction (TFE) has been investigated and enhancements in 

its application were proposed. It was demonstrated that the TFE has data reduction 

and feature extraction capabilities which are superior to other existing techniques. 

Artificial neural networks (ANNs) were investigated to determine their suitability 

in estimating the motor usage level from experimental data of the wear indicating 

parameters. Optimum ANN architectures were developed and utilised to classify the 

motor usage level in discrete bands. Finally, a production motor test system for as 

set recovery screening was developed using the findings of the experimental results. 

This study has demonstrated the significance of reliable asset recovery screening for 

small electro-mechanical assemblies and developed the test and analysis techniques 

to achieve it.
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1. Introduction

Chapter 1

Introduction

In today's highly competitive global market, it is becoming increasingly difficult 

for industries to maintain their profitability. Amongst the means of maintaining 

profitability are reducing costs and market expansion. Cost reduction covers both 

manufacturing and maintenance. Market expansion, on the other hand, is highly 

dependent on the product quality and customer satisfaction. As a result, machinery 

manufacturers face several challenges including:

1. Reduction of manufacturing costs by reducing the cost of the machinery com 

ponents.

2. Cost reduction by minimising unnecessary maintenance.

3. Minimising the probability of catastrophic failure in the field by ensuring the 

delivery of high quality machinery. This has the effect of customer satisfaction 

and increased confidence in the company's products.

Of course, there are other challenges that have a direct effect on profitability 

such as utilising emerging technologies in the product and its manufacturing pro 

cess. However, the above challenges were not listed because they are not directly
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related to the subject of this study.

Unplanned maintenance, also known as the run-to-failure approach, where a 

machine is repaired when it has broken down otherwise no action is taken, is not 

acceptable for modern industrial and commercial environments. Planned mainten 

ance is the first step towards a machine management technique which is aimed at 

preventing unscheduled machine failures. Scheduled maintenance tasks, as part of 

planned maintenance, are based on elapsed time or hours of operation, and assumes 

that a machine will degrade within a time frame typical of its particular mean-time- 

to-failure (MTTF) statistics. The problem with this approach is that the specific 

mode of operation may result in a different MTTF to the predicted one. A MTTF 

of a motor driving a dynamic load may be different to that of a motor driving a 

static load. The results of this are either unnecessary repairs or catastrophic failure.

An improved approach of planned maintenance is preventive maintenance. The 

goal of preventive maintenance is the elimination of machine breakdown by applying 

technology to assess the condition of the machine, identify any present or impend 

ing problems and predict when corrective action should be taken. Knowing when 

a machine requires maintenance allows users to perform the necessary maintenance 

at their convenience instead of costly unscheduled shutdowns [1-4].

The first stage in preventive maintenance is condition monitoring. Condition 

monitoring is the continuous health evaluation of equipment throughout its service 

able life. Condition monitoring should be designed to pre-empt fault conditions. It 

can in many cases be extended to provide primary protection, but its real function 

is to recognise the development of fault conditions at an early stage. The second
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stage is fault identification and diagnosis. Having identified a fault condition the 

next stage is to identify the causes and location of the fault [5,6].

An enhanced approach in preventive maintenance is usage level estimation. Us 

age level estimation is distinct from condition monitoring in two aspects. First, the 

monitoring process does not have to take place continuously. Second, the usage level 

of a machine can be estimated without a fault condition. The technique is based 

on monitoring the natural wear of a machine. Since most machine faults introduce 

extensive wear, these faults may be detected well in advance of failure. To be able to 

estimate the usage level of a machine, knowledge of wear patterns of the monitored 

machine should be available.

The main emphasis of previous and current research is in fault detection and 

condition monitoring of large electromechanical assemblies, such as large induction 

and direct current (dc) motors. This is due to the particulary high costs of unsched 

uled repair and maintenance procedures, which may be reduced with appropriate 

condition monitoring. Condition monitoring and fault detection processes for small 

electromechanical assemblies, such as small dc motors, have received little attention 

from researchers to date. Very few studies have been reported in the literature [7,8].

However, if small electromechanical assemblies recovered from one product, can 

be reused in another product, the cost of manufacturing this product can be re 

duced. This is particulary significant if the product includes a large number of small 

electromechanical assemblies. The process of recovering and reusing electronic com 

ponents and electromechanical assemblies is known as asset recovery. Asset recovery 

is operated by several large equipment and machinery manufacturers such as Sony,
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IBM and Xerox, and consists of the following stages [9]:

1. Return or reclaim: Recovering products from the customer at end-of-use and 

returning them to the plant for asset recovery.

2. Disassembly: Dismantling of the product including cleaning and visual inspec 

tion.

3. Component reprocessing: Assemblies are tested to assess their residual life 

cycle and useability in other products.

Every reused component or assembly will save costs on both, waste disposal and 

in purchasing new parts. Asset recovery has also gained importance because environ 

mental issues, such as recycling and recovering of electronic and electromechanical 

assemblies, have become part of high profile environmental management systems 

and strategies. Several international standards have covered these issues including 

IS014001, BS7750 and EMAS [10]. However, as only few companies have imple 

mented asset recovery processes, objective methods of assessing the reusability of 

small electromechanical assemblies, have not yet been sufficiently investigated.

Condition monitoring techniques are not normally applied to small electromech 

anical assemblies, such as small dc motors. The low cost of such assemblies makes 

the use of condition monitoring methods uneconomical. In addition, such small 

assemblies are difficult to access for condition monitoring purposes during their nor 

mal operation. Therefore, the decision to reuse a small electromechanical assembly 

that has been recovered from a product cannot be based on a prior knowledge of 

the assembly's condition. Another complicating factor is that most manufacturers 

of machinery do not implement a tracing system for electromechanical assemblies.
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The products are disassembled in one plant and the recovered assemblies are shipped 

to another plant for reuse without any historical data. It is therefore, essential to 

establish test and decision making methodologies to enable a successful asset re 

covery operation. The important decision whether a reclaimed component will be 

reused is dependent on the implemented screening procedure. This can have major 

economic implications. On the one hand, if large numbers of reused assemblies fail 

in the field, customers will be dissatisfied and markets may be lost. On the other 

hand, rejecting a large number of usable recovered assemblies during asset recovery 

screening will reduce the impact of this process on manufacturing and waste disposal 

costs. An accurate and reliable test system is therefore, essential to integrate the 

asset recovery operation into the manufacturing process, thus decreasing production 

costs and maintaining customer satisfaction.

This study is concerned with investigating the methodologies and enabling tech 

nologies for reliable asset recovery of small electromechanical assemblies that are 

used in commercial machinery. It is aimed at addressing a significant research gap 

in the field of wear characterisation and assessment of this type of assemblies and 

the challenges posed by the requirements of a modern asset recovery process.

This research work is part of a joint project between the School of Electronics 

at the University of Glamorgan1 and the Asset Recovery Department at Xerox2 on 

asset recovery of photocopying machine parts. The study was fully funded by the 

Xerox Corporation. The object of the study was selected by the University and the 

company as a small dc motor of the type used in the paper trays of most of the 

company's copying machines. This type of electromechanical assembly is used in

University of Glamorgan, Pontypridd, CF37 1DL. 
2 Xerox Corporation, Mitcheldean Plant, Mitcheldean.
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large numbers in each copying machine and is therefore, a typical target of an asset 

recovery process.

Xerox, which is a major manufacturer of copying machines has operated an asset 

recovery process for several years. The screening method used by the company is 

carried out manually by an operator who subjectively decides to pass or fail the 

used motors. The decision to reuse a motor is only based on the operators judgment 

of the acoustic noise emitted from the motor. This is an industry wide method of 

screening motors [8,11]. This method suffers from serious limitations including:

1. Influence of the ambient noise, the distance and angle of the operator in rela 

tion to the motor.

2. Results are dependent on the psychological condition, the experience and hear 

ing capabilities of the operator.

3. Low repeatability of the test results.

The reliability of this screening process is highly dependent upon replacing the 

subjective operator based approach with an objective and automated method.

1.1 Statement of the Problem

Asset recovery of small electromechanical assemblies in commercial machinery, such 

as copying machines, has a significant impact on reducing the product's manufactur 

ing costs and improving profitability. A successful asset recovery operation should 

not result in compromising the reliability of the product, otherwise markets may be 

lost due to customer dissatisfaction. Therefore, it is essential that only those re 

covered parts which will survive for the life time of the product are reused. Current
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asset recovery processes for small electromechanical assemblies rely on the subject 

ive judgement of an operator and normally result in discarding many parts which 

are perfectly reusable or reusing parts that will fail before the end of the product's 

life.

Establishing objective and automated screening methods for the asset recovery of 

small electromechanical assemblies, especially motors, face the following obstacles:

1. Condition monitoring of small dc motors throughout their lives is not possible 

due to cost and accessibility constraints.

2. Asset recovery departments do not have access to the usage history of recovered 

small dc motors.

3. Condition monitoring and fault detection processes of small dc motors have 

rarely been considered in past and current research work.

The development of a reliable asset recovery process for small dc motors requires:

1. Studying the wear characteristics of dc motors and identifying physical para 

meters that can serve as wear indicators.

2. Establishing relationships between the wear indicating physical parameters 

and the level of usage of the motor.

3. Establishing reliable motor test methodologies and acquisition techniques for 

the wear indicating parameters.

4. Developing processing and analysis techniques to enable the accurate interpret 

ation of the information conveyed by the wear indicating physical parameters.
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5. Developing a reliable asset recovery test and screening system that is suitable 

for use in a manufacturing environment.

1.2 Aim and Objectives

This study is aimed at investigating the mechanical wear characteristics of small 

dc motors and the enabling technologies that are necessary to establish a reliable 

asset recovery process for copying machines. Small dc motors are used as a typical 

example of recyclable small electromechanical assemblies. The objectives of the 

research work are as follows:

  To conduct a literature survey into wear characterisation, condition monitoring 

and fault detection in electromechanical assemblies to determine the relevance 

of previous research work to the asset recovery of small electromechanical 

assemblies.

  To investigate and establish physical parameters that can serve as wear indic 

ators for small dc motors.

  To conduct an investigation into motor test methodologies to demonstrate the 

relationship between the wear indicating parameters and the motor usage level. 

This will include developing motor test equipment and conducting controlled 

laboratory tests on motors supplied by Xerox.

  To conduct a survey of signal processing techniques and analysis methods and 

to investigate their suitability for use in this study to analyse and interpret 

the results of the experimental investigations.
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  To investigate the processing and analysis methodologies for relating the motor 

usage level to the characteristics of the signals of the wear indicating paramet 

ers. This will include identifying the optimum wear indicating parameters and 

the most suitable analysis techniques.

  To develop an automated asset recovery test system for the screening of small 

dc motors in a manufacturing environment.

1.3 The Present Work

This thesis describes the work conducted during the study and its results. Chapter 

two describes the results of the literature survey and relates this study to research 

work and applications that were conducted in areas such as condition monitoring 

and signal processing. Chapter three introduces the operation and wear parameters 

of the test object that was investigated in the experimental part of the study. Details 

of the methodology for acquiring motor usage related wear information in an acceler 

ated life test, including the design of the test equipment are covered in chapter four. 

In chapter five, the utilised processing techniques are described and the processing 

results are presented. The analysis of the processed signals is described in chapter 

six, which includes details of the use of artificial neural networks classifiers for motor 

usage level estimation. The outcomes of this study are discussed in chapter seven. 

The conclusions of this study and recommendations for future work are presented 

in chapter eight.
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Chapter 2

Literature Survey

The aim of this literature survey is to study previous research work into wear charac 

terisation, condition monitoring and fault detection in electromechanical machines. 

This will enable the selection of suitable approaches in the present study for wear 

characterisation and usage level estimation of small dc motors. The survey is also 

aimed at establishing the position of the study in relation to the work of other 

researchers. As most of the reported research work did not cover small electromech 

anical assemblies, the bulk of the literature survey presents work related to large 

motors.

Existing theoretical and practical methods of predicting the reliability of electric 

motors and common motor faults were investigated (section 2.1). This included the 

results of reliability surveys of motors in different industrial applications.

Different approaches and methods of machine and motor condition monitoring 

and fault identification were studied (section 2.2). This included their historical 

development, advantages and limitations.
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Section 2.3 presents a survey of signal processing, feature extraction and data 

processing techniques that may be suitable for use in identifying the level of motor 

usage and relating it to the wear indicating parameters. The surveyed signal pro 

cessing techniques included both common and novel transforms. The data analysis 

methods covered statistical and artificial neural network (ANN) approaches.

A summary of the findings of the literature survey is presented in section 2.4.

2.1 Faults in Electrical Motors

Ever since electric motors have been used, their reliability has been investigated. 

Continuous operation of electric motors is essential to the function of modern so 

ciety. They are used in all branches of daily life. They are used today in the 

automotive field as starter motors for cars, most domestic machines, in buildings as 

air conditioning fans, in office equipment and in many more fields.

Research has clearly shown that motor downtime is independent of motor size 

[12]. Reliability prediction is a widely used theoretical concept. However, it has 

two limitations. First, the difficulty to accumulate data of known validity for new 

applications. Second, the complexity of the prediction techniques, which when us 

ing very simple techniques can suffer from inaccuracy. More detailed techniques are 

costly, mainly due to the additional transducers, data acquisition equipment and 

computation requirements [7].

A source of reliability data of large motors are surveys. Very detailed surveys, 

including their analyses, were carried out by the IEEE Industry Applications Soci-
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ety [13-15]. The surveys focused mainly on induction motors larger than 200 hp1 

and not older than fifteen years. A survey of the reliability of power generator mo 

tors was conducted by Albrecht et a/, [16]. Thorsen and Dalva [17], conducted a 

survey on cage and squirrel cage motors which are used in the offshore industry. 

Table 2.1 compares the results of the surveys from O'Donnel [13] and Thorsen and 

Dalva [17]. Both surveys showed that most of the faults in large induction motors 

were caused by bearing failures.

Failed component
Bearing related
Stator winding related
Rotor related
External related
Others

Thorsen and Dalva [11] (%)
51.07
15.76
4.7

15.58
12.89

O'Donnel [13] (%)
41
37
10
-

12

Table 2.1: Distribution of failures in faulty motors.

The surveys were carried out with emphasis on very large induction motors 

which are mainly used in industrial applications. In the case of dc motors, it is 

possible to relate some of the induction motor survey results. Despite the difference 

in the operational principle of induction and dc motors, the materials used, such as 

winding insulation, are similar. Both motor types have a rotating shaft supported by 

bearings. If a bearing fault is the most important failure factor in induction motors 

(table 2.1), it may be considered as an important failure factor for dc motors as well. 

The link between the failure factors of ac and dc motors is supported by Tavner and 

Penman [5], who considered commutator and brushgear defects as factors that may 

lead to faults in ac commutator and dc machines. They also considered carbon dust 

as an additional fault factor in dc machines.

*1 horsepower(hp) = 746W.



2. Literature Survey__________________________________13

The failure mechanisms of small dc motors of the type used in office equipment 

have rarely been investigated, probably due to their low cost. One source for cal 

culating an average motor failure rate with power ratings below one horsepower is 

the U.S. Military Handbook [7]. The handbook is used to develop high reliability 

electronic military equipment. However, the failure rate model did not cover all 

types of electric motors and was dedicated to bearing and winding failures only.

The theoretical reliability approach can only provide a rough estimate of a mo 

tor's life. Surveys can help to overcome the lack of theoretical models for some 

applications. However, if the functionality of electric machines is vital, a rough es 

timate is not precise enough. Therefore, the condition of motors and machines need 

to be monitored during their usage.

2.2 Condition Monitoring and Fault Detection

Diagnosis of machines and mechanical installations were first developed and applied 

in air and sea transport, and in power engineering [18]. Condition monitoring and 

early fault detection of electrical machines have been widely investigated. Some of 

the reported techniques require expensive diagnostic equipment and off-line fault 

analysis to determine the machine condition. Techniques, such as particle or oil 

debris analysis which require laboratory analysis of motor oil samples to determ 

ine the motor condition, are more suitable for overhaul or routine check up rather 

than on-line monitoring and fault detection [5]. Even when the result indicates a 

fault it is difficult to determine the cause of the fault since metal abrasion can be 

due to a number of faults such as a gear misalignment or extensive bearing wear. 

Many faults such as a cracked gear cannot be detected since they do not produce
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any debris [19]. There are three factors which have prompted the development of 

automated diagnosis. These are the complexity of the system, the great number of 

machines operating without any supervision and the high level of reliability required.

Three different kind of parameters are accessible for diagnostic observation [18]:

1. Functional parameters, such as current or maximum speed.

2. Direct symptoms of wear in the form of dimension changes of mechanical 

components, such as the brush lengths of motors.

3. Dynamic residual parameters which are undesired but accompany the function 

of the motor such as vibration or acoustic noise.

For the motor in this study, the direct symptoms of wear, such as the brush 

lengths are difficult to access and measure due to the motor construction. There 

fore, only functional or dynamic residual parameters, used in non-invasive fault 

detection schemes, can be implemented. Non-invasive fault detection schemes are 

based on easily accessible and inexpensive measurements to predict the motor's 

condition without dismantling the motor. These schemes are suitable for on-line 

monitoring and fault detection purposes [20]. They include acoustic noise, vibration 

and electrical parameter measurements.

2.2.1 Acoustic noise

Acoustic signals carry information about exciting forces and their propagation paths. 

A motor generates a certain acoustic pattern when it is in a healthy operational 

state. Wear of a component within the motor may result in a change in its acoustic 

pattern. These changes may differ when different components wear or fail [5,18].
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Acoustic noise as an indicator of a fault condition is routinely used in different ap 

plications. For example, a faulty car exhaust will be detected by the change of its 

acoustic sound pressure level.

The acoustic noise of motors with attached gearboxes have two major sources. 

These are the motor noise itself which includes the noise due to its rotation, and the 

noise generated by an attached gearbox that may consist of straight cut or helical 

gear meshing, or a combination of both [21].

Motor noise

Acoustic information from rotating machinery has long been used for fault detection 

[22]. Some of the noise sources are different for dc and induction motors due to their 

construction. Niwa [11] differentiated two typical noises for small induction motors 

with sintered porous bearings. One is electromagnetic noise due to the magnetic 

strain of the stator core. The second source is bearing noise due to the structure of 

the bearing parts. Instead of a microphone, an accelerometer was attached to the 

motor frame by means of a magnet, to measure the acoustic noise level. This had 

the advantage that the ambient noise did not influence the evaluation. Niwa also 

included an investigation into human perception of motor noise.

Gear noise

Most motors drive a load using a gearbox in order to produce a speed and torque 

which varies from that of the driving motor. If a motor uses an attached gearbox 

it has to be considered as a potential source of noise. Blankenship and Singh [23], 

divided gear noise into two main categories. These are gear rattle and gear whine. 

Gear rattle is a highly nonlinear, impulsive phenomenon which generally occurs
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under light loaded conditions. It consists of repeated gear tooth impacts through 

backlash due to torsional vibrations of the geared system. Gear whine is a con 

tinuous steady state sound which is primarily attributed to transmission error and 

elastic deformations of the gear teeth under load.

Dynamic gear mesh force, which is the primary exciter of gear noise, is known 

to be highly dependent on the mean transmitted torque and system gear pair dy 

namics [23]. The noise depends not only on the gear material but also on the gear 

geometry. The two main geometries used for motor gearboxes are spur and helical 

gears. Disadvantages of spur gears arise mainly from their vibration and therefore, 

noise generation. Their profile gives rise to a regular once-per-tooth excitation, sim 

ilar to a Dirac impulse, which is very powerful. This results in high vibration levels. 

Helical gears overcome this disadvantage since their profiles have the effect of aver 

aging the force distribution [21].

The most commonly used gear materials are brass, steel and polymers such as 

nylon. From the noise aspect, nylon gears have a big advantage over metal gears. 

The reduction in once-per-tooth excitation forces attenuates the noise in the order 

of 30 dB [21].

An investigation conducted by Murphy and Sayegh [8] showed that an acoustic 

screening method for small dc motors could differentiate between good and worn 

motors based on the auditory judgement of an experienced operator. However, an 

analysis of the causes of the faults was not reported. Trmal and Johnson [24], have 

investigated the noise signature of reconditioned gearboxes, driven by a 4 kW motor, 

for the automotive industry to evaluate their condition. They developed the CROS
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(Correlated RMS values in overlapping sections) parameter, which is based on the 

RMS value in overlapping signal sections, and power deviation as methods to meas 

ure the non-uniformity of noise signals. They compared the subjective assessment 

of the acoustic signal with the calculated CROS parameter value. The authors 

observed that the recorded signals differed, depending on the consistency of the 

gearbox to generate repeatable acoustic patterns. As a result, the CROS parameter 

proved to be a "reasonably reliable" indicator compared to subjective noise assess 

ment. Gaylard et a/, [25] applied acoustic measurements to identify loose stator coils 

in 4 MW induction motors. They compared the acoustic measurement results with 

an electrical off-line winding test method. The acoustic signals were measured by 

means of a microphone for different motor operational modes such as steady state 

and start-up. The normalised frequency domain spectrum of the acoustic signal was 

used as a neural network training vector. They found a close correlation between 

the electrical and the acoustic method using the start-up noise signals. However, 

Gaylard et a/, reported that the majority of the different neural networks that were 

tested performed "very poorly" due to the use of acoustic data.

2.2.2 Machine vibration

Machine vibration can be measured and analysed to provide a cost-effective and 

non-destructive method of diagnosing the development of wear or fault conditions. 

Vibration analysis has been used satisfactorily to assess the condition of electromech 

anical machines [5]. The vibration signal is usually measured with accelerometers 

attached to the motor casing. In practice, all machines have associated character 

istic vibration patterns. A deterioration in the machine running condition normally 

produces a corresponding change in vibration signature due to misalignment and 

increased clearances [26]. Using vibration measurements, it is possible to obtain
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information about the machine condition. Mechanical vibration has proved to be 

one of the most reliable parameters that were used in condition monitoring of large 

machines [27-29]. However, Emm [30] reported that vibration monitoring of small 

ac and dc motors resulted in "poor discrimination" between good and faulty motors. 

This was mainly due to low level repeatability of the results.

Further comprehensive coverage of possible vibration sources in electric motors 

is given by Cempel [18] and Knights [31]. Dalpiaz and Rivola [32], pointed out that 

common techniques used to analyse vibration are effective for health assessment, 

but may not be able to give information about faults in early stages.

Even though vibration monitoring has been utilised for decades, most of the 

recent research was concerned with electrical monitoring techniques of a motor's 

condition [33]. One of the reasons for this is that the cost of accelerometers, which 

are usually used to measure vibration, is prohibitive.

2.2.3 Radio frequency monitoring

One of the first direct electrical methods of testing the condition of an electric 

motor was based on radio frequency monitoring. This method involves the injection 

of radio frequency signals into the stator winding of a machine and measuring the 

changes of the signal waveform to determine whether the winding insulation contains 

faults [34]. This technique requires expensive equipment and is justified only for 

use with large and expensive machines. Another technique used to detect winding 

insulation faults is the surge comparison method reported by Schump [12]. This test 

generates a high turn-to-turn voltage by discharging a capacitor into the armature 

windings. The rapid discharge generates a damped sine wave due to oscillation
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resulting from the capacitor and the inductance of the motor winding. By comparing 

the waveforms of the three motor windings of an induction motor, insulation faults 

were detected. However, a problem is that the surge test gives little warning before 

winding conduction occurs. Therefore, this method is not suitable to measure wear 

of the motor.

2.2.4 Motor current signature analysis

An alternative approach to fault detection utilises motor current signature analysis. 

The basic idea of monitoring the current of a motor is that variations in the load's 

torque or speed will cause corresponding changes in the motor current. The energy 

to sustain the mechanical oscillation or vibration must come from the electric motor 

supply and therefore, it must be detectable in the motor current. The motor could 

then be used as a sensor akin to an accelerometer. Unlike an accelerometer, the 

primary purpose of a motor is to convert electrical energy into mechanical energy. 

Therefore, it may be difficult to detect small fault components in the current signal 

in the presence of the large energy conversion component and transients from the 

commutation [35,36].

Extensive academic and commercial research has been conducted to detect prob 

lems in induction motors using the supply currents. These problems are related 

to rotor asymmetries and are caused by faulty bearings or misalignment of the 

shaft [36]. It was shown that, when rotor asymmetry is present, the physical air 

gap of the machine will vary, thus causing the air gap flux density to be perturbed. 

This perturbation will rotate at shaft speed. The frequencies of the rotating shaft 

components in the air gap flux are present in the supply current. An approach to dis 

tinguish broken rotor bars from asymmetries relies on an examination of sidebands
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in the supply current at the rotor bars rotation frequency of the motor [35]. However, 

this technique requires a large steady state supply current, which is not achievable 

if the motor has been taken off line [37]. Burnett and Watson [37], enhanced the 

method of detecting broken rotor bars by monitoring the supply current of an in 

duction motor during the motor's acceleration period. Schoen et a/, [33] developed 

a fully automated motor system for induction motors using the supply current's 

frequency spectrum for fault characterisation by means of artificial neural networks. 

Changes in the supply current due to rolling-element bearing faults, broken rotor 

bars or mechanically unbalance were successfully detected by using this method. It 

has to be noted that this test method worked without the need for the user's inter 

pretation of the motor's current signature. The artificial neural network was trained 

using the current frequency spectra characteristics while the non-faulty machine ran 

under normal load conditions.

Few investigations into the condition monitoring of small dc motors have been 

conducted to date. Motor current waveform analysis has been used in the medical 

field to control the brushless dc motor of an artificial heart directly, replacing unre 

liable pressure transducers [38].

The research work reviewed in this section indicated that current signature ana 

lysis was a reliable method of early fault detection in induction motors. Research 

has shown that changes in the condition of the induction motor components, such 

as rolling element bearings, can be detected in the motor current. The monitoring 

of the current can be conducted non-invasively during the motor's normal oper 

ation. Another advantage is that in order to monitor the current, no additional 

transducers are required and therefore, problems with transducer attachment do
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not occur. Consequently, this leads to the conclusion that the application of current 

signature analysis for small dc motors may have excellent potential for non-invasive 

fault detection and usage level estimation of this type of motor. This is despite the 

fact that estimation of wear and usage of small dc motors using the motor current 

has not been investigated by other researchers.

2.3 Processing and Analysis Methods 

2.3.1 Signal processing and transformation

Observed signals, as acquired from measurement systems, are collected in the time 

domain. The intention is to process the time domain signal so that it can be used to 

discriminate between changes in the signal itself over time or as a result of changes 

in a physical parameter. The discrimination takes place at the analysis stage. Fig 

ure 2.1 shows a block diagram of this basic detection strategy consisting of two 

fundamental function blocks, processing and analysis. This form of signal flow is 

commonly used in signal processing tasks.

Raw Input Data|-»| Processing |-»| Analysis

Figure 2.1: Basic detection strategy.

Some of the extracted features depend on the type of the selected processing 

technique. They usually describe some specific local waveform property in the time 

or frequency domain. Examples of such features are the magnitudes of specific spec 

tral components. Other features describe signal properties of more global character, 

such as the crest factor which can be used as a measure of signal peakness [22].
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Time domain processing

Time domain signal processing methods are normally used to describe certain as 

pects of the signal and reduce the amount of recorded data. These may be certain 

local properties such as the peak value reached by the signal or statistical inform 

ation such as the average value of the signal [39]. Traditional time domain signal 

analysis methods include the mean value,

i N

i-l

or the root mean square (RMS) value [40],

XRMS =
\

N

N <i-l

where, xz is the discrete sample of the signal and N is the number of samples. The 

RMS value on its own has been used as a feature extraction method by researchers 

such as Badi et a/, [41]. Other researchers used a moving average window in order 

to reduce the noise in a noisy input signal,

!fc = TF E
 /V i=t-(N-

where, Xi is the discrete input data, N is the window length, and yt represents 

the data after smoothing [42].

It was reported by Menendez et at, [43], that even basic statistical processing 

can improve the analysis result such as calculating the second statistical moment or 

variance, <7^, of the input signal:
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Ci - x) 2 (2.4)

Statistical moments describe the characteristics of the probability density of the 

signal. The second moment indicates the variance of the signal. The third moment, 

the skew, indicates the symmetry of the signal. An often applied method in vibration 

analysis is the fourth moment, the kurtosis [22,41]. It is given by,

1 TV

and describes the tails of the amplitude density function and therefore, the non- 

uniformity of the signal [24,44].

Some of these methods have the advantage of indicating the machine condition 

by a single figure. This is useful because a simple threshold function may be used as 

an indicator if, a machine part has to be maintained or changed. However, complex 

fault and wear processes cannot be easily identified using a single number combined 

with a static threshold value [22]. This is especially the case for inexpensive or 

small machines with high production tolerances and therefore, a high variability of 

the observed parameters.

Cattarius and Inman [45], investigated the use of a time domain processing 

method for the analysis of vibration signals. The difference in the time response 

of vibration signals to a harmonic input signal was used for discriminating between 

healthy and damaged helicopter blades. The signals were measured using fixed, 

surface-bonded, piezoceramic patches attached to the blade. This technique enabled 

the investigators to identify small mass decreases (holes) and increases (bullets).
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A different approach in time domain processing is digital demodulation. A fault 

in rotating machines causes variations that are superimposed on the normal rota 

tion. This can be identified intuitively as a type of modulation process [46,47]. 

McFadden [48] used simple demodulation techniques, such as amplitude and phase 

modulation functions, to detect gear faults. The researcher showed that it is pos 

sible to detect and discriminate between fatigue cracks in early and advanced stages. 

However, this technique is not suitable for analysing the vibration signals of gears 

that do not have any cracks yet. It should be noted that the definition of an early 

crack in McFadden's investigation was a crack that is already 20 mm long and 

1.2 mm deep.

Another time domain feature extraction method was developed and patented by 

Wahab and Gough [49]. This technique combined data reduction and extraction of 

features from time domain signal's shape. It was originally developed for processing 

of biological signals and used as a signal processing method to generate features for 

neural network classifiers. No studies on the application of this technique have been 

reported. However, this technique appears to have some favourable characteristics 

and will be investigated further in section 5.1.2.

Frequency domain processing

It is possible to characterise signals in other domains by applying specific mathem 

atical operations to them. Some of these operations may be viewed as transform 

ations, with a new variable defining the domain of the signal, such as the Fourier 

transform [22]. The Fourier transform has been used in the processing and fea 

ture extraction of signals recorded during the monitoring of electrical machines. It 

provides the frequency spectra of signals [50].
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The spectra of discrete signals are computed using the discrete Fourier transform 

(DFT) given by equation 2.6, where X i^f) denotes the discrete Fourier transform 

of x(kT). In this equation, N is the number of consecutive samples of the signal, 

T is the sampling interval, and k represents the harmonic number of the transform 

component [51],

X (WT) = £ *(kT)e-»*nk'N n = 0,1,..., N - 1 (2.6) 
V -/VJ J k=o

It can be assumed that rotating machinery produces a repeating pattern de 

pending upon the speed of the machine. Therefore, speed fluctuations due to fault 

conditions may change the spectrum of a measured machine parameter. Several 

approaches in detecting specific faults using spectral analysis have been repor 

ted [52,53]. Kliman and Kogle [54], proposed to examine the relative behaviour 

of the fundamental and higher harmonic sidebands in the current of induction mo 

tors, so as to detect broken rotor bars.

Altawil and Rodd [55], used the first six harmonics in the current spectrum of a 

shunt-wound dc motor driving a conveyor belt system to detect several faults under 

various operational conditions. Algumdigue and Uhrig [56], also used the frequency 

spectrum of the vibration signal from a steel sheet manufacturing mill combined 

with a back-propagation artificial neural network for classification.

Cattarius and Inman [45], questioned the reliability of frequency domain analysis 

of the experimental results for damage detection when the damage is relatively small.
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Time-frequency domain processing

The Fourier transform cannot take the temporal variation of the spectral character 

istics of a non-periodic signal into account, such as spikes due to defective rolling 

element bearings [57]. Time- frequency analysis methods apply to signals where the 

spectral contents or the statistical properties vary with time. In other words the 

signal is quasi-stationary or non-stationary [58]. Time-frequency analysis methods 

offer another possible solution for detecting early faults in a machine. By estim 

ating the energy distribution of the signal in the time-frequency plane, changes in 

the amplitude and phase of the monitored signal can be identified in the time and 

frequency domain. The three main time-frequency analysis methods currently used 

are the short-time Fourier transform (STFT), bilinear transforms and the wavelet 

transform (WT).

The most popular of the time-frequency distributions is the STFT whose square 

modulus is called the spectrogram. The solution for the analysis of time varying- 

signals is to turn to local estimations. The STFT analyses the signal using a moving 

window w(m), with the window length _L, in the interval 0 < m < L — I and is given 

by [59],

L-l

X(n,k)= ^ x(n + m)w(m)e-j2™k/N 0<k<N-l (2.7)

where, x is the input signal, k represents the harmonic number of the trans 

form component and N is the number of consecutive samples of the signal. This 

approach suffers from limitations due to the fixed time-frequency resolution once a 

window is chosen. Good time resolution is achieved by a short window, whereas 

good frequency resolution is achieved by a long window. The fact that the time
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and frequency resolutions cannot be made better simultaneously is known as the 

Heisenberg uncertainty principle [60].

The application of bilinear transforms makes it possible to overcome the limita 

tions of the STFT, since these transforms are not based on signal resolution. Bilinear 

transforms like the Wigner-Ville distribution (WVD) are characterised by an invari- 

ance to time and frequency shifts [61]. The discrete Wigner-Ville distribution is 

given by [62],

W)(n,0) = 2 X) e' 2*'/(n+ *)/>-*) , (2-8)
k=-N+l

where, f(n) is the discrete input signal, f(n)* is its complex conjugate, 0 the 

frequency variable, TV the number of samples and k the time delay.

Unfortunately, the bilinear structure of the transform causes interference due to 

cross-products between the different signal components and this increases with the 

number of components in the signal [61]. The WVD cannot discriminate between 

high and low frequencies because of aliasing components that are present in the 

general case [62]. Further information on WVD can be found in references [62-64].

The WVD is an effective method to obtain time dependent information from 

supervised machines [65]. Forrester [66] compared the WVD with other existing 

vibration analysis methods such as the narrow band enhancement technique de 

veloped by McFadden [67]. He has shown that the WVD is capable of detecting the 

type and the extent of gear faults. Compared to the WVD, other methods could 

not distinguish between different degrees of tooth cracking and therefore, cannot
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provide reliable information on the extent of the gear damage.

Chiollaz and Favre [58], investigated the use of the WVD for the noise analysis of 

a vehicle combustion engine. Noise was measured using nine accelerometers attached 

to different locations at the cylinder head. The authors concluded that conventional 

time and frequency domain processing techniques were not sufficiently accurate to 

identify the vibro-acoustic excitation and transfer mechanisms. In comparison, the 

WVD has shown precise diagnosis and identification capabilities, in both the time 

and frequency domains.

Wang and McFadden [68], compared the WVD with the spectrogram for the 

early detection of gear failures using vibration signals. The signals were obtained 

from one of a series of large reduction gearboxes, each containing three double-helical 

gears. They concluded that the spectrogram has advantages over the WVD in the 

analysis of vibration signals. Since machine or gear vibration signals are usually 

multi-component or noisy signals, the WVD cross-components make it very diffi 

cult to interpret the results obtained. Contrary to Forrester [66] and Chiollaz and 

Favre [58] they discovered that, due to the spectrogram windowing function short 

duration signals resulting from local gear tooth damage could not be easily detected.

The Wavelet transform (WT) is the latest time-frequency analysis method used 

for condition monitoring and fault analysis [69,70]. The wavelet transform of a 

signal, x(t}, is defined by,

a f°° 
, a) =    ̂  / *(t)«7M) (0* (2-9)

0, J — oo
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with the analysing or mother wavelet $ defined as,

*"->(f) = * ir (2 ' 10)

In the above equations n is a constant, b is the translation parameter and scale 

parameter a can dilate and compress and has no units. The term translation cor 

responds to time and scale is defined as reciprocal of the frequency. Only a few 

applications of the WT exist in the field of machine fault diagnosis [32]. One ex 

ample was reported by Staszewski and Tomlinson [71]. The investigators used the 

WT to compress the feature elements of the vibration signals which were used to 

detect broken teeth in a spur gear. Lin and McFadden [72], applied a b-spline linear 

WT to the vibration signal of a helicopter gearbox to visually detect cracked gears 

by comparing the plotted transform output. However, like the STFT, the wavelet 

transform has the disadvantage of signal resolution [61].

2.3.2 Analysis methods

The term, analysis, may cover any context in which some decision or forecast is made 

on the basis of available information. Various methods such as statistical analysis 

or artificial neural networks were applied to analyse acquired and processed signals.

One of the simplest analysis methods is to display a raw or processed signal for 

subjective analysis by an operator. This may be achieved by displaying the signal 

on an oscilloscope [12] or a computer screen [72]. An operator can then decide what 

action should be taken based on this visual interpretation. A number of different 

methods were applied to simplify the analysis and decision making process. A com 

monly used method is thresholding. As an example, threshold analysis was applied
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to the frequency spectrum of an acoustic signal to test cracks in fan blades and 

aerosol cans [73]. Discrimination between unbeaded, uncleared and dented cans was 

made possible using this method. However, it was reported that production line 

noise might influence the test results. This shows that the application of thresholds 

may not be satisfactory if the test environment changes.

The frequency spectrum as a processing method for later analysis was used in 

the medical field such as doppler ultrasound applications. The pulsatility index (PI) 

was a factor calculated by the peak-to-peak excursion divided by the mean height of 

the frequency spectrum of the blood velocity/time waveform over one cardiac cycle. 

This technique was reported as achieving a 89% correct classification rate in the 

diagnosis of diseased lower limbs [74].

Analysis may also involve data classification by learning from experimental data. 

This is also known as clustering. In order to automate the decision process, the fea 

ture vectors generated by processing have to be analysed or classified by a computer. 

Different methods have been used in the analysis of feature vectors. These include 

statistical and artificial neural network (ANN) approaches.

Statistical techniques

Statistical approaches can be traced back to the 1930's in the work on linear discrim 

inant analysis [75]. Simple statistical methods such as the nearest neighbourhood 

technique have shown good results in cases where a distinction between a good and 

bad condition has to be made [46]. Sigler et a/, [46] compared a nearest neighbour 

hood classifier with a perceptron, an artificial neuron with a threshold activation 

function. The comparison showed that the perceptron could give a more reliable
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classification result using the same input vector for both classifiers. Another stat 

istical classification approach was that of Spoerre and Ben Wang [2], who used the 

exponentially weighted moving average (EWMA), equation 2.11. The EWMA is a 

statistical process with a characteristic that gives less weight to data as it becomes 

older. This is given by,

wtyi (2.11)
i=0

where, the weights are,

Wi = A(l - A)*' 1 (2.12)

and, A is a chosen constant that determines the rate of decay of the weights 

and in turn the amount of information recollected from past data. It was reported 

that the EWMA is capable of estimating between four different fault classes of a 

machine. However, the technique was not able to determine the correct fault class 

in all cases [2].

Staszewski and Tomlinson [71], used statistical similarity analysis of vibration 

signals to discriminate between normal and faulty conditions of spur gears after 

wavelet processing. However, visual inspection of the classifier input signals was 

still necessary to localise the fault.

A different statistical analysis method is the Kullback-Leibler dissimilarity meas 

ure between a time series. The Kullback-Leibler number has a basic role in the 

information theory approach to statistics and in statistical physics [22].
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Artificial neural networks (ANNs)

Artificial neurons are equivalents of the neurons found in the human brain. The 

concept is based on how biologists believe the brain learns to recognize patterns. 

Neural networks offer a promising methodology for an improved understanding of 

problems which are difficult to solve by traditional approaches. They have been 

successfully used in various pattern recognition and classification tasks [76-78].

ANNs have been widely used in medical signal processing. In areas such as ECG 

analysis, back-propagation (BP) ANNs were able to classify the ST-T segments of 

an ECG signal with an accuracy of 90%-95% [79]. Learning vector quantization 

(LVQ) networks were used for classification purposes in speech recognition applic 

ations. McDermott and Katagiri, [80] achieved recognition rates of over 98% for 

several Japanese phonemic classes.

The previous examples of ANN applications indicate that fault diagnosis of ma 

chinery may also benefit from the application of this approach. In general the main 

problem with analysis methods for fault diagnosis can be summarised briefly by the 

following statements [77] :

  The relationship between the faults and measurements are unknown.

  Each fault situation affects many measurements.

  The dynamics of the wear process are not taken into account.

Neural networks are particulary useful for the problems of condition monitoring 

and diagnostics [81]. An ANN can automatically store knowledge about the faults 

or malfunctions in the machine being monitored by learning to associate faults with
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historically collected data. These associative diagnostic capabilities make ANNs su 

perior to conventional methods of machinery fault diagnostics [82].

Brotherton et a/, [83] and Rock tt a/, [84] showed that ANNs are well suited 

to classify different faults in gearboxes. Altawil et a/, [85] used a BP network to 

discriminate between scoring and scuffing wear modes of gears using the harmonics 

of the vibration spectra as ANN inputs. A successful analysis of induction motor 

gear vibration with a four layer BP ANN was reported by Ho and Lau [26].

Paya et a/, [86] have used the wavelet transform to discriminate between a range 

of rolling element bearing conditions on a modelled drive-line. The WT has been 

applied on vibration signals taken from the bearing housing. The ten most dominant 

features, selected visually, were combined as an ANN input vector. The trained two 

layer BP network was able to achieve an average correct classification of 96%.

Figure 2.2 shows a simple artificial neuron. The first use of artificial neural net 

works can be dated back to the 1940's [87]. The key parameters that determine 

the behaviour of a neuron are its activation function and the pattern of weighted 

connections over which it sends and receives signals [88].

Figure 2.2: Artificial neuron. 

The input signal, a;,-, at input z is first multiplied by a parameter, wt , known as
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weight, and is then summed with all the other weighted input signals to give,

d 
a — Y^?/vr- (9 ]1\U, — / ^ LL'jJ'j {£.i<J)

!=0

The output, z, of the neuron is the result of applying the activation function, g, 

as shown below,

z=g(a) (2.14)

A number of activation functions for neurons such as a linear, threshold, threshold 

linear and sigmoidal were investigated. The sigmoid function is the most frequently 

used activation function because of its non-linearity and is given by,

g(a) = | ~ ee_H (2.15) 

where, a is the steepness factor [88].

When using a multilayer network non-linear activation functions have to be used 

instead of linear functions. Feeding a signal through two or more layers of linear 

processing elements are no different from what can be obtained using a single layer 

network.

This simple model of a neuron is the basic element in many artificial neural 

network models [89]. It is the highly complex interconnectivity of these artificial 

neurons which enables them to solve complex recognition, classification and asso 

ciation problems. A set of artificial neurons connected together and arranged in 

layers is called an artificial neuronal network (ANN). An ANN can be simulated in 

a computer. Figure 2.3 shows a three layer neural network with an input layer, a
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single hidden layer and an output layer. As in the brain, ANN learn by repetitive 

exposure of problem examples until the measured errors are below a specified min 

imum. Learning can be either supervised or unsupervised. A comprehensive review 

of neural network principles and history can be found in Fausett [88] and Harvey [90].

Hidden 
Input Layer
LaVer —— Output 

Layer

Input——»( F-XXJX ><X^ Output

Figure 2.3: Multilayer neural network.

Neural network architectures

Several different neural network paradigms have been developed over the past few 

decades. Current neural network structures can be divided into three main groups

[55]:

  The feedforward error back-propagation networks.

  The self-organising, feature-mapping Kohonen network.

  The massively interconnected networks such as Hopfield nets.

Chow et a/, [20] estimate that over 80% of the current ANN applications consists 

of feedforward networks. The term feedforward implies that the input signal flows 

from the input units to the output units in a forward direction. This section will 

cover two commonly used feedforward networks which have been used in this study. 

The ANNs described here are the back-propagation (BP) and the learning vector 

quantization (LVQ) architectures.
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BP ANNs A BP ANN can have multiple layers between the input and output 

layers. Each layer is fully interconnected to the succeeding layer. A single layer 

BP ANN is limited in the mapping it can learn, whilst a multilayer network with 

more than one hidden layer can learn any continuous mapping to an arbitrary accur 

acy [88]. However, in many applications, neural networks consist of only one hidden 

layer. This is because multiple layers tend to loose their ability to generalise with 

increasing complexity [76].

The back-propagation paradigm is the most frequently used algorithm for adjust 

ing the weights of a multilayer neural network during training [85]. A BP network 

is trained in three steps. These are:

  Feedforward of the input training vector.

  Calculation and back-propagation of the associated error.

  Adjustment of the network weights.

The aim of the training process is to minimise the global error, £, of the network 

by modifying the weights. A given set of weights, 1%-, are adjusted by Aiy^- in order 

to decrease the global error by the gradient descent rule as follows:

(2.16) 
wij

where, 77 is the learning rate [91]. A frequently used error function is the delta- 

rule which is defined by,

AIW.-J = -rixi(tj - y3 ] (2.17)
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where, x, is the training input vector, t, the target output for input vector, x», 

and yj is the computed output for input vector, x; [88].

A problem of the gradient algorithm is the setting of an appropriate learning 

rate. A fast learning rate causes difficulties in finding the global minima of the error 

function, whereas a slow learning rate leads to slow or imperfect learning. Two 

possible consequences are visualised in figures 2.4 and 2.5.

„. ^n .. . Figure 2.5: The problems of oscilla-Figure 2.4: The problem of local mm- ^ ̂  t for
ima for BP ANNs. Bp

The effect in figure 2.4 occurs when the neural network cannot be trained to 

minimise the global minimum because it is trapped in a local minimum. The graph 

in figure 2.5 shows that the network starts to oscillate in a steep trough. This 

happens if the gradient at one slope of the trough is steep enough to point to the 

other slope of the same trough. If the gradient on the other side is as steep as the 

previous gradient it will point back to the other side and so forth. To overcome 

this problem, the momentum parameter is introduced with the consequence that 

at each step, weight adjustments are based on a combination of the current weight 

adjustment and the weight change from the previous step. This behaves as a low-
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pass filter on the weights since general trends are reinforced whereas, oscillatory 

behaviour is cancelled out [92].

LVQ ANNs LVQ networks are classification networks that assign vectors to 

one of several classes. An LVQ contains one Kohonen layer which both learns and 

performs the networks classification. Self-organizing maps (SOM) and LVQ ANNs 

consist of Kohonen neurons [91]. However, the output of the LVQ training set must 

be known since it is a supervised learning ANN, unlike the unsupervised learning 

SOM. If supervised learning is possible, the LVQ is usually two to three times more 

accurate than SOM networks [93]. The weights of the neurons in a LVQ network 

are determined by supervised learning as in BP ANNs. The advantage of an LVQ, 

is that it allows a high variability in a single class unlike the BP ANNs.

LVQ consists of a cluster of unsorted code book or reference vectors distributed 

in such a way that a good coverage of the input space is achieved. More than one 

code book vector exists for each class of input vectors. In the training process, 

a new input vector is compared with all reference vectors. The closest reference 

vector identifies the class of the new vector. For LVQ networks the input vector is 

compared with the code book vector and the neuron whose weight vector is closest 

to the input vector is the winner. The values for the weights which minimise the 

classification error are defined by,

wc (t + 1) = <
wc (t) + a(t)[x(t) - wc (t)} ifclass(wc ) = class(x)

(2.18)
wc (t) - a(t)[x(t) - wc (t)] ifclass(wc ) ^ class(x) 

where t is the discrete time index and a(t) is a monotonically decreasing function
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of time. Figure 2.6 shows a graphical interpretation of equation 2.18. The weight 

vector of the winner neuron will move closer to the input vector if it is in the same 

class. Otherwise it will move away from the input vector [91,94].

Class A

Class B

Input Vectors 

f - Weights

Figure 2.6: Adaption of the next weight, wc , to the input vector, 
x(t).

2.4 Summary

This chapter has presented the literature survey that was conducted during this 

study on faults and wear in electrical motors. It included fault detection and dia 

gnosis, wear parameters and patterns, and usage level estimation. In addition, the 

chapter has covered signal processing and data analysis methods that are suitable 

for interpreting the information contained in the physical fault and wear indication 

parameters of the motors.

The main finding of this literature review is that small dc motors have rarely 

been investigated for fault detection and usage level estimation. The vast majority 

of the research work that was conducted on condition monitoring and fault diagnosis 

covered very large motors, especially induction motors. Therefore, this study covers
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new territory and fills a clearly defined research gap in the field of wear character 

isation and usage level estimation of small dc motors.

Although most previous research studies have covered large induction motors, 

their results have significant relevance to this study. Many faults in large induc 

tion motors are common to those in smaller dc motors due to the similarities in 

their mechanical constructions. Therefore, the fault symptoms and wear indication 

parameters of induction motors may have similarities with those of small dc motors. 

More important, the test, monitoring, signal processing and data analysis method 

ologies are significant for this study.

The literature survey has shown that previous researchers used many physical 

parameters to assess the condition of a motor and for fault detection. The main 

motor fault and wear indicating parameters were acoustic noise, vibration and cur 

rent signals. As all these parameters can be measured non-invasively, they were 

investigated further during this study.

A wide range of processing methods were used by previous researchers to reduce 

the complexity, enhance the features and reduce the data volume of the wear indic 

ating parameters. These methods were applied to prepare the recorded signals for 

subsequent analysis.

Time domain processing included signal smoothing and the calculation of stat 

istical parameters, such as the mean, RMS value and several types of statistical 

moments. Although individual statistical parameters were shown to be insufficient 

to characterise the signals of the fault and wear indicating parameters, they may
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add significant benefits when combined with other signal processing parameters and 

representations. The technique of Wahab and Gough [49] was identified for further 

consideration due to its potential in characterising a signal shape.

The Fourier transform and its discrete version was used by many researchers to 

investigate the spectral contents of the fault and wear related signals. The limita 

tions of the Fourier transform have led many researchers to explore various complex 

time-frequency transforms. Various degrees of success were reported by researchers 

in using these transforms, with the STFT being the most popular. In general, most 

of these transforms have a high computational complexity.

Many researchers used visual inspection of the fault and wear raw signals or 

their processed versions, others utilised techniques for data analysis. ANNs were 

reported by many researchers as ideal analysis tools for motor fault detection and 

classification. Their strength stems from their ability to solve problems where the 

relationships between the symptoms and outcomes being monitored is not clearly 

identified and cannot be expressed in clear mathematical terms. The BP and LVQ 

ANNs were identified as the most suitable for the analysis of the fault and wear 

indicating parameters.
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Chapter 3

DC Motor Operation and Wear 

Characteristics

This chapter is aimed at describing the operation of dc motors and analysing the 

wear mechanisms of the selected experimental test object. This analysis is essential 

to identify potential motor wear indicators, and to enable the planning of the ex 

perimental part of this study.

Section 3.1 analyses the operation of dc motors and relates their mechanical and 

electrical parameters. This analysis describes the relationship between the paramet 

ers in an ideal situation and outlines the deviations from it due to imperfections.

The rationale for selecting the dc motor that was used as an experimental test 

object in this study is presented in section 3.3. The specifications of the motor are 

described in section 3.4 including the design changes that were introduced by the 

motor manufacturer throughout its production history. The operation and loading 

of the test motor in its real life application are described in section 3.5.
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A detailed analysis of the wear process in the test motor is presented in sec 

tion 3.6. This section covers wear in both the electrical and mechanical parts of 

the motor. It also considers the wear indicators that would enable the assessment 

of the motor usage level in an application. A summary of this chapter appears in 

section 3.7 and lists the main causes of wear and their associated indicators.

3.1 Commutator Machines

Commutator machines normally operate with direct voltage supplies and are usually 

referred to as direct current (dc) machines. They are widely used in battery powered 

electric vehicles, as vehicle starter motors and as motors for commercial and indus 

trial equipment. Major advantages of dc motors include their high starting torque 

and the ability to control their speed by varying the supply voltage. This section 

provides a brief description of dc machines. More comprehensive information about 

dc motors can be found in Slemon [95] and Meisel [96].

3.1.1 Magnetic system

The magnetic field in a commutator machine is produced by permanent magnets or 

field coils on the stator. The current-carrying coils that interact with this magnetic 

field are placed on the rotor. These coils are switched by a copper commutator 

mounted onto the rotor as it passes stationary carbon brushes that lead to the 

motor terminals.

3.1.2 Rotor windings and commutator

In order to make efficient use of the available rotor or armature surface area, conduct 

ors are distributed in slots over the circumference. To obtain continuous relatively
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ripple free torque, it is desirable to have the patterns of the conductor current dir 

ections as shown in the winding of figure 3.1.

Figure 3.1: Desired pattern of armature conductor current flow.

In order to maintain this pattern, each of the sequential coils is connected to an 

insulated commutator segment. The stationary brushes are placed onto the com 

mutator surface in such a way that they can feed the current from the external 

electric system into two parallel paths through the closed loop of the serially con 

nected rotor coils. Each conductor carries half the terminal or armature current, i a . 

The width of the brush is such that it causes a short circuit between the two adja 

cent commutator bars a and b when the coil is ideally located in an area of the rotor 

between the poles and thus, does not have an induced voltage (figure 3.1). If the 

commutation is not ideal sparking occurs when the current in the short-circuited coil 

is forced to change rapidly. This commutation sparking will cause deterioration of 

both the commutator segments and the brushes, and greatly shorten the operating 

life of the machine [95].

3.1.3 Torque and generated voltage

The armature winding of a two pole machine has a total of Na turns in its series- 

connected coils. Each of the 2Na conductors carries half the armature terminal
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current, i a , with the exception of the turns in the coil being commutated from one 

path to the other. The linear current density, A", per unit of the rotor periphery is 

then given by [95] ,

= __
2?rrm 2 v '

Where, rm , is the rotor radius. Since the flux density, 5, is radially directed, the 

force per unit area of armature surface under the poles is BK. Thus, the torque 

exerted on the rotor is

T = 2wm lmrBK

7T

= k$ia (3.3)

where, wm is the pole width, lm is the axial length of both pole and rotor, and $ 

is the magnetic flux per pole. In a two-pole machine, the constant, fc, depends only 

on the number of armature winding turns.

Ignoring losses, the electrical power input, pe;ec, to the armature winding equals 

the mechanical power output.

Pelec   C a 2 a

(3.4)
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where, e a is the induced or generated voltage in each parallel path of the winding 

and is denned by [95-97]

e a = (3.5)

3.1.4 Equivalent circuit

The ideal motor is described by equations 3.3 to 3.5. For a more realistic model, 

imperfections have to be considered. There is always a power loss in the armature 

coils due to their resistance, Ra . The armature circuit also has an inductance, La: 

representing the flux linkage of the armature windings. Including these parameters 

and the induced voltages, ea , the armature circuit may be represented as shown in 

figure 3.2 [95].

R

Figure 3.2: Equivalent circuit of an armature controlled dc motor.

3.2 Selection of the Experimental Test Object

This study is aimed at investigating the wear characterisation and usage level es 

timation of small dc motors which are widely used in commercial and consumer 

products. As a result, it was essential to select a suitable dc motor as the test ob 

ject for the experimental work. It should be a typical representation of dc motors
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used in modern equipment, both in its application area and operational modes.

Following extensive discussion with the collaborating organisation, Xerox, it was 

decided that the company's photocopying machine type 5047 represented a typical 

system which utilises a large number of dc motors. For such equipment, asset recov 

ery related to dc motors can have significant economic and environmental benefits.

The 5047 is a mid-range office photocopying machine. It represents a large elec 

tromechanical assembly with multiple functional sub-assemblies such as the paper 

tray, variable optical zoom, and paper transport sections. The copying machine 

includes 12 motors of various sizes ranging from 12 V, 1.2 W dc to 220 V, 60 W ac 

motors. The number of motors used in large copying machines can be as high as 

80 [9].

The paper tray sub-assembly and its four motors represents a typical elec 

tromechanical section within the machine. As a result it was decided to select 

the paper tray dc motor for the experimental investigations of this study. The 

127K01800, is a middle of the range motor and its operation is typical of all motors 

within the 5047 and many similar commercial equipment [9]. The specification and 

operation of this motor are described in the following section.

3.3 Motor Specifications

The test objects of this research project are small dc motors with brushes, that are 

used in photocopying machines. A typical representative of these motors, which was 

used during the experimental investigations, has the following specifications [98]:
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Description:

Torque Output:

Supply Voltage:

Number of Commutator Segments:

Minimum Expected Usage:

Typical Operation:

Motor Reference No. :

Manufacturer:

Brushed permanent magnet direct current

motor with inline gearbox.

0.65 Nm at 340 rpm nominal.

17 V ± 1 V (smoothed and regulated).

7

>1.5 million motor starts.

Duty Cycle: 0.5 s on 0.5 s off continuously under

maximum load for 15 minutes followed

by 3 minutes rest period.

127K01800

Gebriider Buhler Nachfolger GmbH, Germany.

Motor operating requirements:

Start Torque: 

Run Torque:

Time-to-Speed (section 3.6.2): 

Maximum Running Current:

1.2 Nm

0.65 Nm ± 0.1 Nm.

0.12 s maximum at 0.75 Nm.

0.45 A at 16 V.

The motor is used in different photocopying machines. One of its major applic 

ations is its use as a paper feed motor in the Xerox photocopying machine of type 

5047. Figure A.I in appendix A shows a mechanical drawing of the motor.

In order to determine the wear factors of this motor the principle of its operation 

and possible wear indicators were analysed. It should be noted that the motor cannot 

be disassembled due to its encapsulated, non serviceable construction. Maintenance
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of the internal parts of the motor is therefore, not possible. It is also not possible 

to re-assemble the motor without special equipment. However, the gearbox of the 

motor can be opened by loosening its M3 screws. Consequently, only non-invasive 

analysis techniques can be applied to determine the wear and usage of the motor.

3.4 Motor Design Differences

The design of the test motor was modified five times over its manufacturing period. 

The different designs can be identified by the type number on the motor's label and 

are listed in table 3.1.

Motor type
61.46.16
61.46.20
1.61.046.020
61.46.025
61.46.020

Made in
Germany
Germany
Germany
U.S.A.
U.S.A.

Manufacturing period
1987
1990
1994
unknown
1988

1990
1994
present
1988
present

Table 3.1: Manufacturing periods of the different motor designs.

According to the manufacturer, the main reasons for the changes in the motor 

design were to reduce the production costs and the emission of acoustic noise. Steel 

and nylon compound gears were used in the 61.46.16 and 61.46.025 gearbox designs. 

According to the motor manufacturer, changing to gears made entirely of nylon 

reduced both the production cost and the acoustic emission [99].

3.4.1 Gear design

Figure 3.3 and Table 3.2 show the different motor design types and gearbox config 

urations.
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Motor type
61.46.16
61.46.020
61.46.20
61.46.025
1.61.046.020

Gl
steel, helical
steel, helical
steel, helical
steel, helical
steel, helical

G2
nylon, helical
nylon, helical
nylon, helical
nylon, helical
nylon, helical

G3
steel, spur
nylon, helical
nylon, helical
steel, spur
nylon, helical

G4
steel, spur
brass, helical
brass, helical
steel, spur
brass, helical

Table 3.2: Gearbox configurations in different designs.

Figure 3.3: Gear arrangement in the gearbox.

Two different gearbox designs were in use with the five motor types. They 

differed only in gears G3 and G4. Motor designs 61.46.16 and 61.46.025 were con 

figured with steel spur gears and types 61.46.020, 61.46.20 and 1.61.046.020 were 

configured with nylon helical gears. The three shafts are labelled SI, S2 and S3 in 

figure 3.3. Si is the motor shaft, S2 is the shaft coupling gears G2 and G3, and S3 

is the output shaft of the motor gearbox, which is used to couple the motor to a 

load.

3.4.2 Hardness of the graphite brushes

The hardness details of the carbon brushes are unknown [99]. Therefore, an invest 

igation into the brush hardness in the different motor designs was conducted. A 

constraint on this investigation was the limited number of disassembled motors sup 

plied by Xerox. Therefore, only three motors of three different designs were used to
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conduct the experiments. However, the sample size was sufficient to indicate if the 

brush material has changed significantly. The experiments were carried out using 

the facilities of the Department of Mechanical and Manufacturing Engineering at 

the University of Glamorgan.

Most brush materials have a composite structure and their physical properties 

cannot be held within absolute limits [97]. This is illustrated in figure 3.4 which 

shows the granular structure of a graphite brush used in commutator machines.

Granular brush structure

Oxide. 
layer

Small separation gap

Load bearing areas

Figure 3.4: Graphite brush structure - Courtesy of Morganite Electrical Carbon 

Ltd.

The hardness of graphite is measured by instruments such as the scleroscope, 

the Rockwell ball indenter, and other indentation devices. The Shore scleroscope 

is a dynamic hardness measuring device used in the carbon industry. Scleroscope 

hardness is measured by the height of rebound of a diamond-tipped hammer falling 

freely in a glass scale from a given height. The scleroscope readings are high for 

a brittle, weak material, and low for a soft, strong material. The Rockwell type 

machines in contrast, shows low readings for a brittle material that breaks away 

under load, but high for a soft, strong material that supports the load [100].
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A measure of hardness can be used to compare the materials of different brushes. 

Tests in this investigation were carried out using indenters of the Vickers type. The 

Vickers test uses a diamond indenter which is pressed onto the surface of the test 

material. The result is a square-shaped impression. The length of the impression 

diagonals are a measure of the material hardness which is expressed as the diamond 

pyramid number (DPN) [101]. Three measurements were made for each brush. The 

second brush (B) of the 61.46.16 design broke under the applied load of the test 

machine. Table 3.3 shows the results of these measurements.

Motor type

61.46.16
61.46.20
1.61.046.020

Hardness 
brush A

20.65 DPN
19.69 DPN
22.73 DPN

Hardness 
brush B

-
17.62 DPN
24.5 DPN

Hardness 
mean value
20.65 DPN
18.7 DPN
23.6 DPN

95% Confidence 
interval

±1.29 DPN
±2.92 DPN
±1.73 DPN

Table 3.3: Graphite brush hardness in different motor designs. Experimental 
test results.

It can be seen that the hardness of the brushes did not vary by more than 

7.5% in the same type of motor. This variation can be attributed to manufacturing 

tolerances and the composite structure of the brushes. The variations of hardness 

between different designs were not considerably greater than the variations within 

one motor. Therefore, it is safe to conclude that the brush materials used in different 

motor designs were similar.

3.5 Operation in the Paper Tray Application

The wear of a motor is determined by its use and operation in its application. 

Therefore, a typical application of the test motor was chosen to investigate its wear
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parameters. This application is the paper trays of the 5047 copying machine. Four 

separate paper trays are used in a 5047 copying machine. Paper tray 1 to 3 holds 

A4 paper and paper tray 2 is used to hold A3 paper as described in table 3.4.

3.5.1 Operational modes of the motor

The motor is used in two different mounting directions in the paper trays of the 5047 

copying machine, vertically, and tilted horizontally with respect to the vertical axis. 

Figure 3.5 shows the side view of an A4 paper tray. The load is applied in the same 

way in all mounting positions. A spring behind the paper feed axis bevel gear drives 

the paper feeding roller, feeding the paper into the copying machine (figures 3.5 

and 3.6).

Paper
compartment

Paper feed 
roller

Paper — 
feed motor

Figure 3.5: The 5047 A4 paper tray.

3.5.2 Motor's load

Experimental measurements were carried out to determine the applied torques on 

the output shaft of the test motor in a typical application. Due to the nature of 

the paper tray application it was not possible to measure the loads directly. An in 

direct measurement approach was used instead. The mean current flowing through
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Output shaft 
with bevel gear

Gearbox

Motor

Shaft of 
paper feed 
mechanism 
with attached 
bevel gear

Figure 3.6: Motor mounting position in the 5047 paper tray.

each of the motors, which were still in the machine, during a paper feed opera 

tion was measured first. The motors were then removed from the copying machine 

and attached to a test fixture. On the test fixture, a load was applied by means 

of a magnetic brake. The load was increased until the mean motor current was 

identical to the current in the paper tray application. Using the characteristic of 

the magnetic brake, it was possible to determine the applied torque in the applica 

tion. The experimental results are shown in table 3.4. In this application range, the 

torque varied significantly depending on the machine's paper tray in which it is used. 

Changes of more than 150%, with respect to the load in paper tray 4, were observed.

As a result it can be seen that the motor is used to drive loads which are only 

60% of its maximum specified load of 0.75 Nm (section 3.3) in the 5047 paper trays.
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Motor location
Paper tray 1
Paper tray 2
Paper tray 3
Paper tray 4

Operation mode
A4 long edge feed
A3 short edge feed
A4 long edge feed
A4 short edge feed

Load
0.427 Nm
0.378 Nm
0.287 Nm
0.168 Nm

Table 3.4: Motor torque values in different positions in the 5047 copying ma 
chine.

3.6 Wear Indicators

In order to estimate the usage level of the motor, it is essential to investigate the 

physical wear indicators. These indicators may be divided into two groups. The first 

group relates to the electrical parts of the motor, whilst the second group relates to 

its mechanical parts.

3.6.1 Wear in the electrical parts

The electrical system of the motor consists mainly of the brushes, commutator and 

rotor windings. These parts are subject to wear since they are not only exposed to 

electrical currents and electromagnetic fields, but also to mechanical stresses.

Rotor windings

Rotor winding faults are mainly due to mechanical wear which is caused by looseness 

and motion. Magnetic forces which turn the motor cause movement of the wind 

ings, particularly at start-up when the current is very high. Another factor is the 

temperature of the motor which increases with higher currents. High temperatures 

usually increase the temperature of the windings insulation material. In case of a 

fault the insulation temperature can exceed its maximum limit [12]. A defect in the 

insulation material will then short-circuit one or more windings of the rotor. This
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can be detected by measuring the motor current, since short circuit windings result 

in a higher input current.

The experience of the photocopying machine manufacturer indicated that short 

circuited windings were never reported as a cause of failure in the field [9]. The 

maximum specified temperature of the motor windings is not exceeded in the copying 

machines operating in a cyclic mode within an office environment. The degradation 

of the motor winding insulation cannot be monitored before a failure has actually 

occurred. Even when the winding insulation is deteriorating, it still insulates. A 

fault is hence, only detectable when windings are short circuited. Therefore, the 

condition of the winding insulation cannot serve as a useful indicator of the motor 

wear or its usage level.

Brushes and commutator

Although the brushes are small and relatively inexpensive parts of the motor, they 

have a major function. They carry high currents without overheating or excessively 

wearing the parts over which they glide [100]. Since commutators are not perfect 

cylinders, it is difficult for brushes to maintain continuous contact with their sur 

faces. Figure 3.7 shows the cross section of the test motor. The ratio of the brush 

holder, brushes and commutator are true to scale.

The inside radius of a new brush is 4.8 mm and the radius of the commutator 

is 3.8 mm. As the wear process progresses the inside radius of the brush changes to 

that of the commutator. The conducting surface area of the brush increases slightly 

with motor usage due to the bedding-in process. During this process, brush material 

is transferred onto the commutator. After the brushes have been fully bedded-in,



3. DC Motor Operation and Wear Characteristics 57

Permanent 
Magnets

Brush holder 
with spring

Brushes

f ̂
Commutator

Figure 3.7: Cross section of the test motor.

electrical wear by burning from sparking, surpasses mechanical wear as the most 

important factor in the brush wear process [102]. Brush wear depends on a number 

of factors:

• Nature and composition of the carbon material.

• Condition of brush and commutator surfaces.

• Pressure between the brush and commutator surfaces.

• Intervening medium, such as oil.

• Movement type, which includes sliding, rotating and speed.

• Temperature and humidity.

• Current density.

• Factors influencing the intimacy of contact, such as mechanical alignment.



3. DC Motor Operation and Wear Characteristics_____________58

Apart from the current, most of these factors do not change for the same type of 

motor, making it the most important wear factor. Since the dc motor investigated 

in this study is a brushed permanent magnet system, the current passing through, 

z a , is directly proportional to the applied torque, T, as defined by equation 3.3. This 

equation is repeated below (equation 3.6) for convenience.

T = k$ia (3.6) 

where, $ and k are constants. Therefore,

i a « T (3.7)

furthermore, the rate of brush wear, dwi, rush, with time, dw<ld™ sfl , increases at least 

proportionally to the current density of the brush [97].

dw^^1 , , -s- oc J (3.8)

Where, J is the current density. The brush contact area with the commutator, 

can be considered to be constant for a bedded-in brush. It follows that,

(3.9)
•flbrush

and therefore,

rri I o 1 A\ 
Wbrush °^ 1 \O.i(>)

Equation 3.10 shows that the brush wear is directly proportional to the load of 

the motor.
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In order to estimate the wear of the motor, the brush length and the condition 

of the commutator, films of six dismantled used motors were compared with those 

of four dismantled new motors. The measured difference in the brush length of the 

new and used motors was 50 m maximum.

The visual inspection of the commutators showed that the brushes were not worn 

significantly. Figure 3.8, shows a commutator film similar to the film of the dis 

mantled motors. A picture of the film of the investigated motors cannot be shown 

due to the small commutator radius. The streaky film indicates that the motors 

were underloaded, according to the handbook from Morganite Electrical Carbon 

Limited [97].

Figure 3.8: Streaky film on commutator - courtesy of Morganite Electrical Car 
bon Ltd.

It is unlikely that mechanical wear on the commutator surface will occur before 

that of the brushes because brushes are softer than the commutator. Brushes are 

made of graphite and commutator segments are made of copper which is harder than 

graphite [97]. Electrical wear of the commutator is mainly due to sparking caused 

by unsatisfactory commutation. This results in burning of commutator bars.
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3.6.2 Wear in the mechanical parts

The mechanical parts that are subject to wear in the test motor include the bearings 

and the gears in the gearbox.

Bearings

Faults of the rolling element bearings are a major source of electric motor failures 

in larger machines as mentioned in section 2.1. Wear in bearings is caused by lack 

of lubrication, imbalance and vibrations, all leading to abrasion. A failure of the 

lubrication film results more generally in scoring of the bearing surface. In such a 

case the very hard particles torn from the bearing surface by initial contact prompts 

scoring and scratching of the surfaces [103]. Due to their cost effectiveness, plain 

brass bearings are preferred in the production of small dc motors.

The plain bearings of the test motor used in this study are also made of brass. 

The bearing condition effects the start characteristic of the motor. This can be mon 

itored using the time-to-speed characteristics of the motor. Figure 3.9 illustrates the 

time-to-speed parameter. It is a measure of the rise time of the speed of the motor. 

The time-to-speed index, At, is defined as the time between 10% and 90% of the 

stable motor speed during the start period.

It can be seen in figure 3.9 that the motor's response is identical to a first order 

system. In general, the transfer function of the motor is of second order. However, 

the time constant of the electrical system (|^-) is much smaller than the time constant 

of the mechanical system (^) and can therefore be neglected. As the bearing wears 

out, the motors mechanical damping factor, Bm , increases due to increased friction, 

which is reflected by a decreased time-to-speed value [20]. The experience of the
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Figure 3.9: Time-to-speed measurement.

copying machine manufacturer has however, shown that problems with faulty plain 

bearings of copying machine motors have never occurred [9]. The contribution of 

worn plain brass bearings to motor wear can therefore, be neglected.

Gearbox

Wear in gears involves the steady removal of material from the gear flanks. This 

effect increases with poor lubrication. Due to averaging effects, helical gears have 

a tendency of wearing consistently across the whole surface. Gears can lose a large 

amount of material and still run quietly. Spur gears show a different behaviour since 

flank loads are much higher. The backlash of gears usually increases with their use. 

In a copying machine faults in the gearbox due to lack of lubrication are likely to 

be caused by paper or toner particles. Increased backlash is likely to cause a higher 

level of acoustic noise and vibration during operation [21].

Acoustic gear noise may be a measurable and repeatable wear indicator if the 

design of the motor never changes. Changes, especially in the material and the 

cut of the gears, lead to different noise characteristics for each design. However, it
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is important to investigate if the vibration or acoustic noise increases considerably 

with motor life. The experience of Xerox showed that the majority of motors were 

rejected by asset recovery operators due to their perceived acoustic noise. However, 

a systematic study to clarify which motor design resulted in the highest rejection 

rate due to noise, was never conducted [9].

Dynamic gear meshing forces are the main source of gear noise. They are highly 

dependant on the transmitted torque and the gearbox characteristics. Amplitude 

and frequency modulation effects in gearboxes containing multiple gears may also 

exist and add to the complex signal of the gear noise [23]. Figure 3.3 shows the gear 

arrangement in the gearbox. Table 3.5 lists the gearbox characteristics where, f) is 

the rotation frequency of the rotor. Referring to figure 3.3 the rotating frequencies 

of the three shafts SI, S2 and S3 are related to the rotor frequency.

Motor gearbox

Number of Teeth 
Shaft Frequency, Hz 
Gear Mesh Frequency, Hz

Number of Teeth 
Shaft Frequency, Hz 
Gear Mesh Frequency, Hz

Input side

Gi = 10
f «, - H-/i i 60

G3 = 9
r _ 10 fl 

J S2 ~~ 31 ' 60

System

/Gl2 = 10 ' ft

f _ 90 n
•/G34 31 ' 60

Output side

G2 = 3l 
f o = 1° . «.
J 62 31 60

G4 = 26 
r _ 22 n
J S3 ~ 197 ' 60

Table 3.5: Gearbox characteristics dependance on gear shaft frequency.
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3.7 Summary

This chapter has presented the construction of dc motors and provided an analysis of 

the relationships between their electrical and mechanical parameters. This analysis 

was required to facilitate the investigation of the wear process in the motor and the 

means of assessing its progress.

This chapter has identified the dc motor that was used as the experimental 

test object of this study and explained the rationale for selecting it. This motor 

was shown to be a typical representation of small dc motors that are used in large 

quantities in commercial applications such as the Xerox 5047 photocopying machine. 

This makes it a suitable target for asset recovery.

The construction and application environment was thoroughly investigated. It 

was shown that the construction of the motor did not allow for invasive investigation 

of the wear characteristics and therefore, it is not a suitable approach for routine 

assessment of the motor usage level in an asset recovery operation.

Investigating wear in the electrical and mechanical parts of the motor and the 

associated wear indicators has shown that the brushes and gears are the components 

that have the potential of providing consistent wear pattern and therefore, suitable 

indicators of the motor usage level in its application. In addition, wear in these 

components lends itself for non-invasive monitoring using physical parameters such 

as voltage, current and vibration. Therefore, the experimental investigation of this 

study has concentrated on wear in the brushes and gears as the means of assessing 

the usage level of the motors provided by Xerox. These motors were obtained from
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the Asset Recovery Department of the company and did not have any historical 

data associated with them.

The lack of historical data on the motors' usage levels meant that the only 

approach that was open for investigating the wear versus usage level in this study 

was to conduct accelerated life tests experimentally. This experimental methodology 

is the subject of the next chapter.



4. Experimental and Testing Methodologies 65

Chapter 4

Experimental and Testing 

Methodologies

This chapter describes the experimental and testing methodologies developed dur 

ing this study to investigate the wear patterns in the dc motor under test and the 

corresponding wear indicating parameters.

The use of accelerated life testing is described in section 4.1. Three different test 

strategies are presented in this section and a selection was made of the approach that 

was found the most suitable for the purposes of this study. The main parameters of 

the experimental life test experiments, including the test scheduling and duration, 

are described.

Details of accelerated life test system design and characteristics are presented in 

section 4.2. This included the design and construction of the mechanical test fix 

tures for current and vibration measurements. The electronic control circuitry and 

data acquisition hardware of the test system is described in detail. The developed
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software for experimental control, data recording and user interface is also presented 

in this section.

Section 4.3 presents the design details of the integrated asset recovery motor 

screening test system for use in a production environment. This includes the mech 

anical and electronic sections, and the associated test software.

Section 4.4 describes the experimental methodology and test organisation for 

measuring the acoustic noise emission of dc motors. The section describes the test 

environment and the rationale for the selected measurement approach.

A summary of this chapter is provided in section 4.5.

4.1 Accelerated Life Testing

Accelerated life testing is a technique through which the wear of components is ac 

celerated by subjecting them to stresses in excess of their reference conditions. This 

results in a shorter life time for the components than would be expected under nor 

mal conditions of operation. Its main purpose is to establish relationships between a 

component's wear behaviour, stresses and usage level or time. Once these relation 

ships are known, the behaviour of the component under various test or operating 

conditions can be estimated by extrapolation from the test results. Accelerated life 

testing methods are also used to obtain information on the wear of components over 

a range of conditions that they may encounter in use. Such information can be 

obtained by testing over the range of conditions of interest, or under more severe 

conditions in order to extrapolate the results to the range of interest.
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4.1.1 Marginal testing

Marginal testing is a method of estimating the probability of an imminent failure due 

to wear. This involves periodic testing in a fixed schedule. In the case of electronic 

equipment, it may be achieved by operating at the voltage limits for certain elements 

and observing the resulting symptoms. This helps to isolate worn components or 

parts and to replace them before a failure occurs. Figure 4.1 shows the concept of 

marginal testing. Components are tested continuously in the operating rectangle. 

This accelerates the wear by continuous operation rather than increased stresses. 

This test method is suitable for components which are not used continuously in an 

application [104-106].

Stress (%) 
200-

100

Specified Operating Rectangle

Time
0 2 days 2 weeks 

Figure 4.1: Marginal testing.

4.1.2 Enhanced Stresses

The enhanced stresses method is usually used for the purpose of achieving a more 

rugged design and manufacturing process. It is therefore, mainly used in the design 

process of a new product.

A batch of resistors for example has to be tested. An approximation of the life 

expectancy shows that under normal conditions the test would take years to com-
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plete. It is therefore, necessary to increase the failure rate artificially by increasing 

both the test voltage and the ambient temperature. In this way it can be argued 

that a failure can be detected in a few weeks instead of years. This type of test 

must be approached with considerable caution. A stress increase above certain lim 

its may lead to false assumptions regarding the expected usage. For example, if in 

the above mentioned resistor test, the test temperature is increased to 300°C the 

resistor may fail in a few seconds. This result may not be related to normal ageing 

at ambient temperature. Figure 4.2 shows the principle of enhanced stress testing. 

It can be seen that the test time is continuous and that selected stresses are above 

the operating rectangle [104,107].

Stress (%) 
200-

100

Specified Operating Rectangle

Time
0 2 days 2 weeks 

Figure 4.2: Enhanced stress testing.

4.1.3 Stress and life testing

Another method of enhancing stresses is the STRIFE1 -test also known as step- 

stress testing [104,106]. During the STRIFE-Test the component is exercised with 

random stresses in the operating rectangle. After this period all possible stresses are 

increased simultaneously by increasing the stress margins of all variables involved 

in the wear process (figure 4.3). The advantage of the STRIFE-test is that it is an 

efficient test to confirm that a component is correctly designed.

STRIFE = Stress + Life.
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Figure 4.3: STRIFE testing.

4.1.4 Implementation of an accelerated life test

The following considerations must be taken into account when planning an acceler 

ated life test in order to produce valid data that contain the desired information:

• Considerable engineering know-how and effort should be introduced in design 

ing tests that are comparable to actual real life use.

• The operational conditions should be held constant during the experiment, 

according to a clear test plan, so that the data reflects only the effects of the 

variables that are of interest.

The life test in this study should reflect the motor's wear in normal usage in the 

copying machine. A test with enhanced stresses or the STRIFE test is therefore not 

suitable. The only method to relate the motor's wear to usage in an application is 

marginal testing.

Duration of the test

The guidelines used for designing the accelerated life test experiments of this study 

are determined by the motor specification (section 3.3). The maximum usage level 

of the motor is specified as 1.5 million motor cycles (0.5 s on, 0.5 s off), which 

consist of 15 minutes under maximum load followed by a rest period of 3 minutes.
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It follows that with a continuous 24 hour test, including specified rest periods, 1.5 

million cycles can be tested in 20.8 days.

4.1.5 Operational modes

To age the motor without exceeding the specification limits, it has to be loaded up 

to its maximum torque of 0.75 Nm. The wear of the motor should be monitored with 

a reasonably high resolution. A resolution of 1% of the 1.5 million test cycles was 

considered as a good compromise between data storage requirements and resolution. 

Therefore, the desired motor parameters were sampled after a complete set of 15,000 

cycles (figure 4.4).

Load (Nm) 

0.75-

0

Data acquisition period
rl-

15,000 
cycles

0

Figure 4.4: Test cycle frequency and duration.

During the data acquisition period the motor was operated in the following modes:

Forward with 0.75 Nm load.

Forward without load.

Time-to-speed (section 3.6.2) without load. 

Time-to-speed (section 3.6.2) with 0.75 Nm load.

Reverse without load.
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• Motor used as a generator.

• Motor used as a generator with a connected load resistor.

The different operational modes were chosen to derive a broad range of inform 

ation about the motors wear behaviour over its life time. Even though the motor 

is not operating in all of theses modes in its original application, they can give ad 

ditional wear information. The time-to-speed operational mode is a measure of the 

rise time of the motor's speed when it starts. This parameter was used to detect 

changes in friction and internal motor resistance (section 3.6.2).

The literature review has shown that an accelerometer can be used to monitor 

the vibration and therefore, indirectly the acoustic noise emission of the test motor. 

This is aimed at acquiring information on the acoustic noise emission as an indication 

of wear in the mechanical components of the motor. However, the survey conducted 

by Emm [30] has shown that vibration monitoring of small motors did not provide 

satisfactory results due to the inability to obtain repeatable results for the purpose 

of classifying good and faulty motors. Therefore, the investigation into the use 

of the motor's vibration as a wear indicator was limited to the monitoring of one 

motor only. Then intention was to increase the number of motors used for vibration 

monitoring if the results of the vibration analysis show significant potential for using 

this parameter in wear characterisation.

4.2 Accelerated Life Test System

Information regarding motor usage history was not available (section 3.5.2). As a 

result, the only approach to introduce wear that can be related to the motor's usage 

level is to conduct an accelerated life test according to the marginal test method.



4. Experimental and Testing Methodologies__________________72

4.2.1 Direction of the motor load

The amplitude and direction of the applied load in the experimental tests should 

be specified to simulate the wear in the real life of application, including wear in 

components such as bearings. A high radial load causes faster deterioration of the 

bearing than an axial load. Since the motor is used in different applications and 

mounting positions, the radial load on the output shaft may also change. Con 

sequently, a reference direction of the application load cannot be given. The radial 

load on the output shaft during the accelerated life test should be minimal to avoid 

excessive bearing wear.

4.2.2 Mechanical construction of the test system

The test fixtures required to meet the following mechanical design constraints:

• The mounting used for vibration measurements should be mechanically isol 

ated from the other test motors.

• Four motors were required to be tested to obtain a significant amount of wear 

data.

• The coupling of the test and brake motors must be aligned straight to avoid 

radial loads.

• The test fixture should be made of non-corrosive material to avoid mounting 

problems due to corrosion.

In order to measure the vibration signal of a single motor it was essential to 

decouple its fixture mechanically from the other test motors. The motor under 

vibration test, was attached to a test fixture that was separate from the other 

motors as shown in figure 4.5.
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Figure 4.5: Motor test fixtures.

This arrangement resulted in a combined fixture for three motors and a separate 

fixture for vibration measurements. The mechanical drawings of the single motor 

fixture can be seen in figures A.2 to A.4. Figure A.5 shows the fixture for the 

three remaining test motors. For the coupling of the test and brake motors, flexible 

Oldham couplings2 were used.

Brake Motor

A mechanical solution to brake the test motor is not possible since the load has 

to be changed electronically and in a controlled fashion. A magnetic brake is also 

unsuitable due to the inability to drive the test motor in a generator mode. The 

most suitable solution is to use a separate motor as a brake. A brake motor was 

used to apply a load on the test motor. The test system braking mechanism and its 

control were required to meet the following specifications:

• The applied torque must be controlled over the test time to ensure a time 

linear wear process.

• The starting friction should be less then 20% of the maximum applied torque 

to keep the influence on the time-to-speed measurement small.

2 Huco Engineering Components, Hertford, UK.
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• The brake torque load must be switched on and off electronically to be able 

to run the test automatically.

• The brake motor must be able to drive the test motor when tested as a gen 

erator since the brake and test motor shafts are coupled together.

• The wear of the braking mechanism must be less than that of the test motor 

to avoid influencing the test results due to aging of the brake motor.

Torque is directly proportional to the motor current for permanent magnet dc 

motors (equation 3.3). As a consequence, the torque of the motor is constant if the 

motor current is constant. Based on this principle the brake motor control circuit 

was designed to conform to the stated design constraints. In order to ensure a low 

starting friction the brake motor did not have a gearbox. A gearbox would also 

interfere with the vibration measurement of the test motor by introducing an ad 

ditional source of vibration. A robust permanent magnet dc servo motor with the 

following specifications was chosen for the experimental test:

Description: Bidirectional permanent magnet dc motor.

Torque Constant: 0.75 ^f

Supply Voltage: 0-36 V dc

Continuous Current Rating: 2.2 A

Stall Current at 36 V: 16.2 A

Frictional Torque: < 0.15 Nm

Motor Reference : 127E04611

Manufacturer: Bunker Motorenwerk, Germany.
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4.2.3 Motor control system

An electronic system was designed to control the test and brake motors using digital 

signals from the PC. The schematics of the control circuits can be seen in figures B.I 

to B.4 of appendix B.

Test motor circuits

Section 4.1.5 specified that the test motor should operate in forward and reverse 

direction. In order to change the rotating direction, the polarity of the motor sup 

ply voltage should be reversed. This was accomplished by an h-bridge circuit. A 

schematic of this circuit is shown in figure B.2 of appendix B.

In order to measure the internal resistance, Ra , of the motor a load resistor, RL, 

was connected to the terminal pins of the test motor (figure 4.6). The value of the 

internal resistance can then be calculated using the value of the load resistor and 

the motor's terminal voltages:

Where, Vt is the open circuit terminal voltage and VtRL is the terminal voltage 

with load resistor, RL, connected.

vtRL f RL

Figure 4.6: Motor internal resistance measurement circuit.
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Brake motor circuits

The brake motor was used to apply the specified torque of 0.75 Nm to the test 

motor. In the generator mode, the brake motor was switched from the brake mode 

into the motor mode by the circuits of figure 4.7 which are shown as block diagrams. 

The design is based on an h-bridge circuit similar to the one used for the rotation 

direction change of the test motor. In the motor mode, transistors 7\ and T4 are 

conducting and enable the current, /, to flow through the motor.

Motor mode

vcc

Brake mode

vcc

1
Integrator

R, 5

Reference 
Voltage

'const _

1

'const

M

J 'const 

'constIT"

Figure 4.7: Brake motor in motor and brake modes.

The current, /, was held constant in the brake mode by keeping the voltage 

across resistor Ri 5 constant by the control loop, which includes transistor T3 and an 

integrator as shown in figure 4.7. The integrator compares a reference voltage with 

voltage across Ri 5 (Vis) and adjusts the base current of T3 in such a way to keep 

1/15 constant. A potentiometer was used to adjust the motor torque. The torque 

was switched on and off by a control voltage on a single pin. A logical high voltage 

switches the constant current off and therefore, the motor load off. A detailed
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schematic diagram of brake and motor circuit is shown in figure B.I of appendix B.

Speed measurement

The speed of the test motor was measured using an optical shaft encoder on the 

output shaft of the brake motor. The encoder disc3 used had a resolution of 10°, 

which is equivalent to 36 impulses per revolution. The optical encoder4 had two 

optoelectronic channels with open collector outputs.

Digital port extension of the data acquisition card

A digital port extension circuit was designed to generate the 1 Hz frequency for the 

test cycle (0.5 s on, 0.5 s off) since such a low frequency could not be generated by the 

data acquisition card itself. It was also used to control the motor circuits with TTL 

compatible logic voltage levels by buffering and protecting the data acquisition card 

ports. The schematic diagram of this circuit can be seen in figure B.4 of appendix B.

4.2.4 Data acquisition

The measured motor parameters were digitised and stored for later analysis. A block 

diagram of the overall test system is shown in figure 4.8. Standard data acquisition 

boards offer the possibility of fast data acquisition and storage on personal com 

puters (PCs). Therefore, a suitable PC based data aquisition board was selected for 

the recording of the experimental data.

A suitable data acquisition board must meet the following specifications:

3Xerox Ref. No. 146E00671. 
4 Xerox Ref. No. 146E0033.
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Figure 4.8: Test system block diagram.

• Sampling frequency sufficient to measure the signals without loosing significant 

information due to bandwidth limitations.

• Differential input channels to reject ground loop-induced errors and noise.

• At least 13 Digital I/O ports (4 motor forward/reverse, 4 brake on/off, 4 

brake/motor mode, 1 general stop).

• Software libraries with functions to control the acquisition process. These 

libraries should be compatible with standard programming languages.

An important feature of a data acquisition board is its sampling frequency which 

should satisfy the sampling theorem given by [59],

> 2/B (4.2)

The sampling frequency, /s , should be at least twice as high as the highest 

frequency component, /mo;E , in the sampled signal. Therefore, the highest frequency 

component in the signal of interest must be known. If this is not the case, the 

bandwidth of the signal should be limited using low-pass filters to prevent aliasing 

[108].

Bandwidth of motor current and vibration signals

To establish the requirements for the measurement system, an experiment was con 

ducted to estimate the highest frequency components in the parameters of interest.
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A simple motor holding fixture was used to test five new motors and five used mo 

tors which were rejected by the operator during screening for asset recovery. The 

current was measured using a 1J1 shunt resistor. The motor case vibration was 

measured using an accelerometer5 and conditioned by a signal conditioning unit6 . 

The accelerometer used had the following features:

• Wide bandwidth (5 to 20 kHz ±1 dB).

• High sensitivity (25

• Light weight (4.8 g).

• Low output impedance (< 200 0).

• Low transverse sensitivity (< 5%).

The bandwidth was then analysed using an analogue spectrum analyser7 which 

can cover the frequency range of 20 Hz to 40 MHz. The experiment showed that 

the bandwidth of the vibration signal did not exceed 18 kHz and the bandwidth of 

the motor current waveform did not exceed 30 kHz.

Based on the results of this investigation a suitable data acquisition card8 was 

selected. The main features of this data acquisition card are:

• 16 true differential analogue input channels.

• 24 digital I/O ports.

5 ISOTRON 7259A-25, Endevco U.K. Ltd., Herts., UK. 
6 ISOTRON signal conditioner 4416B, Endevco U.K. Ltd., Herts., UK. 
7 Model 3585A, Hewlett-Packard Ltd., Bracknell, Berkshire, UK. 
8 PC226, Amplicon, Brighton, UK.
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• 12 bit analogue to digital converter (ADC) with a signal-to-noise ratio of 

60.2 dB.

• Continuous data acquisition in multi-channel mode up to 400 kHz.

• MS DOS and MS Windows9 programming tools.

• Input analogue voltage range of ±5 V.

Anti-aliasing filter

To satisfy the sampling theorem (equation 4.2) a bandwidth limiting low-pass filter 

was used. The minimum stop-band attenuation of the low-pass or anti-aliasing filter, 

Amim depends on the resolution of the analogue to digital conversion process. It is 

typically [108]

Amin = 20log (vT5 2 BAD+l ) (4.3)

where, BAD is the resolution of analogue to digital converter (ADC), which is 

12 bits for the selected ADC. From equation 4.3 it follows that

, i. > 80 dB (4.4)/-T — v '

When two channels were used, the maximum sampling frequency was 200 kHz 

due to limitations of the software provided with the data acquisition board. There 

fore, the resulting sampling frequency, /s , for each channel was 100 kHz. Since the 

maximum frequency components observed in the current may exceed 30 kHz during 

the accelerated life test due to commutation sparking, an anti-aliasing filter was 

used. The same filter design was used for the vibration transducer to attenuate

9 Microsoft Corporation, U.S.A.
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signals that are above its linear frequency range of 20 kHz. The filter was used 

as a precaution since the bandwidth of the signals in the accelerated life test were 

unknown and could be higher than those observed previously. In order to ensure a 

high signal bandwidth an active 12th order low-pass filter with a cut-off frequency of 

23 kHz and Butterworth characteristic was designed. It provided an attenuation of 

78 dB at 50 kHz which is sufficiently close to the 80 dB requirement of equation 4.4. 

The selected filter characteristic avoided amplitude ripple in the pass-band.

The filter was implemented using a continuous-time active filter circuit (fig 

ure B.5 of appendix B). Using a continuous-time filter rather then a switched ca 

pacitor filter has the advantage of avoiding problems with digital noise at the clock 

frequency of the switched capacitor filter. The filter devices that were used had a 

very low harmonic distortion (THD), which was better than -86 dB and was due to 

internal capacitors.

In addition to the filter, a pre-amplifier circuit was designed to amplify the input 

signals to match the input voltage range of the data acquisition board (±5 V). This 

enabled the signals to be sampled at the maximum possible resolution. It consisted 

mainly of a non-inverting low noise operational amplifier circuit. Gains of 1, 10 and 

100 could be selected using switches. The schematic diagram of the filter circuit is 

shown in figure B.5 and B.6 of appendix B.

Current and voltage measurements

The motor current was measured by measuring the voltage drop across a 1 J7 serial 

resistor. An indirect non-contact method of current measurement includes hall effect 

devices but tests conducted with such a device produced a poor signal to noise ratio.
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The motor voltage is measured using a differential amplifier with an attenuation 

of 9:1 to ensure that the input voltage did not exceed the limits of the data ac 

quisition board. The schematic of the designed circuit can be seen in figure B.3 of 

appendix B.

Vibration measurement

The piezoelectric accelerometer described in section 4.2.4 was utilised for vibration 

measurements. It has a frequency range of 5 to 20 kHz with a linearity of ±1 dB. 

The mounting of the accelerometer is critical for the accuracy of the results. In 

most cases, vibration is a result of the forces transmitted through a machine. Ma 

chine elements which constrain these forces, such as gearbox housings, are usually 

accessible externally so that the vibration resulting from the excitation forces can 

be measured non-invasively [26].

The vibration signals of the test motor were measured on the gearbox housing. 

The accelerometer was positioned radially to the gearbox, using cyanoacrylate ad 

hesive to maintain a direct path for the gear vibration (figure 4.9). A magnetic 

stud could not be used because of the non-magnetic gearbox material. It is also not 

possible to use a screw mounted stud to attach the accelerometer since the motor 

does not have additional mounting holes.

4.2.5 Control program

The accelerated life test required continuous operation. This was achieved by con 

trolling the data acquisition board using a PC. The PC software was designed to 

provide the following features and functions:
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Figure 4.9: Position of the accelerometer on the test motor.

• A graphical user interface to display and control the life test status.

• Control of the on/off cycles of each motor.

• Controlling the 3 minute breaks during the test (section 3.3).

• Monitoring of operational failures during the test and ensuring safe test ter 

mination.

• Switching the motor load.

• Acquisition and recording of the physical parameters with specified sampling 

frequencies.

• Starting of data recording after a predefined number of test cycles.

• Compression and storage of recorded data.

• Protection of data against loss due to power-cuts.

The graphical user interface (GUI) was developed using Microsoft Visual Basic 

(MSVB) for Windows 3.1. Execution speed was not considered in the choice of the 

programming language since the accelerated life test is not a time critical application. 

The control and data acquisition functions were implemented using the software 

libraries provided by the manufacturer of the data acquisition card.
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User interface

The GUI was used to display the status of the running test in a structured way with 

only one full screen window. The GUI of the accelerated life test can be seen in 

figure D.I of appendix D.

Square boxes with an easy to distinguish colour scheme were designed to monitor 

the status of the accelerated life test. A red square indicated high or active, whilst a 

green square indicated low or inactive for the digital output ports. In addition, the 

status of the current-torque motor characteristics were displayed using a x-y plot. 

It was updated every time new motor current data in the forward mode, with and 

without load, was acquired.

Each motor can be enabled or disabled manually and individually using the GUI 

command buttons. Command buttons were programmed to reset the cycle counter 

individually for each motor and to run the motors manually in different operational 

modes.

Data acquisition

As outlined in section 4.1.4 the accelerated life test was interrupted every 15,000 

cycles to record the parameters of interest. Figure 4.10 shows the program schedule 

during the sampling period.

The measured parameters were recorded after a five second run-in period to allow 

a steady operation.
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Figure 4.10: Data acquisition schedule

Data compression

The value of the recorded data from a single motor for one sampling interval was 

approximately 8 MByte, whilst the volume of the complete data set of four motors 

for the 1.5 million cycles of testing was 3.2 GByte. A number of lossless data 

compression tools are available on the market. The compression software chosen 

was the Microsoft Windows version of the compression tool PKZIP 10 [109]. The 

main MSVB accelerated life test control program made use of the WinZip 6.1 11 

command line options enable it to start the compression in the background while 

running the control program. An overall data compression ratio of approximately 

1:4 was achieved.

10 PKWARE, Inc., Glendale, U.S.A. 
n Nico Mak Computing, Inc., U.S.A.



4. Experimental and Testing Methodologies__________________86

4.3 Production Test System for Asset Recovery

The production test system for asset recovery motor screening at Xerox's manu 

facturing plant incorporated the techniques developed in this study. These were 

modified to allow their use for practical test purposes in a production environment. 

The mechanical construction and software were required to be easy to use and com 

ply with health and safety standards such as cover for rotating parts.

Two major points were considered in the design of a test tool for production. 

The test components must be changed quickly and the testing time is limited. It 

differed in these two aspects from the laboratory based accelerated life test system. 

In the accelerated life test system, data processing and analysis took place after the 

test was finished. In the production test system the computer has to process and 

analyse the sampled data in order to display the results immediately.

The production test system was also used to measure the influence of torque on 

the acoustic noise emission of the test motor. This was accomplished by using an 

electronically adjustable magnetic brake. The laboratory accelerated life test system 

was not designed to change the torque in steps. It just switched the motor load on 

and off.

4.3.1 Mechanical construction of the production test system

Due to the differences described above, the mechanical design of the production 

test system differed from that of the accelerated life test system. A diagram of the 

system can be seen in figure 4.11.

Specific parameters are measured under different load conditions and therefore,
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Figure 4.11: Block diagram of the test system.

a magnetic particle brake12 was used to control the load. The brake was controlled 

by the data acquisition board.

Flexible coupling

In order to allow for an easy exchange of the test motor a flexible shaft adaptor was 

utilised to compensate for possible misalignment. Tests with two different types of 

flexible couplings were conducted in order to select a coupling which offered the best 

compromise between torque transmission, misalignment compensation and moment 

of inertia. Torque transmission should be very efficient for measuring the time-to- 

speed characteristic of the motor. The coupling should also be able to allow for high 

misalignment compensation. However, torque transmission is normally inversely 

proportional to the misalignment compensation of flexible couplings. The selected 

coupling 13 offered the best compromise between those conflicting parameters of the 

test system.

12 MP.B.0030, Huco Engineering Components, Hertford, UK, maximum torque 2.8 Nm. 
13 Huco-Flex M, Huco Engineering Components, Hertford, UK.
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4.3.2 Motor control circuit

The h-bridge principle used for the accelerated life test was also utilised for the 

production test motor control circuit (section 4.2.3). The four discrete h-bridge 

transistors were replaced by an integrated circuit 14 which had a built-in CMOS con 

trol circuitry and additional features such as automatic thermal shutdown. A series 

resistor configuration to measure the motor current as described in section 4.2.4 was 

also used.

4.3.3 Data acquisition

The hardware for data acquisition is identical to the one used in the accelerated 

life test system. It included the anti-aliasing filter for current measurement and the 

current measurement by means of a series resistor (section 4.2.4).

Speed measurement

Due to the use of a magnetic brake instead of a dc servo motor the shaft encoder had 

to be changed. A high resolution optical shaft encoder15 with a resolution of 500 

impulses per revolution was used instead. The digital signal from the shaft encoder 

was used as an input to a frequency-to-voltage converter (FVC) 16 . The output of 

the FVC is a dc voltage that is directly proportional to the input frequency.

4.3.4 Control program

The Xerox Corporation has an international internal software and hardware stand 

ard for test tools. Hence, this production test system had to conform to the com-

14 LMD18200T by National Semiconductors, Swindon, UK. 
15 HEDM-5600-A06, Hewlett-Packard Ltd., Bracknell, Berkshire, UK. 
16Tachometer Board Ver.2/1, Microgenic Systems, UK.
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pany's standard. A National Instruments data acquisition board1 ' and its associated 

software package Lab View was used. LabView is a visual programming language 

and software package to program the data acquisition process including GUI design. 

Lab View differs from programming languages like C or Basic which are text-based. 

Lab View uses a graphical programming language, G. to create programs in block 

diagram form [110]. An example of the block diagram programming language format 

can be seen in figure 4.12.

[Start Voltage]

fctop Voltage)

1 [0.

Figure 4.12: Example of the Lab View programming language G.

User interface

The test system user's interface was kept as simple as possible since it will be used 

by an operator with little computer experience. The main task for the operator is 

to change the test motor and to start the test. The GUI can be seen in figure D.2. 

appendix D.

17AT-MIO-16D, National Instruments. Austin Texas. U.S.A.
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Implementation of the processing and analysis algorithms

The signal analysis and feature extraction algorithms were originally developed us 

ing the programming language of the mathematical software package Matlab for 

Windows, Version 4.218 . These algorithms were then re-programmed and compiled 

in the form of dynamic link libraries (DLLs) for use in Lab View. The DLL usage 

can be seen in figure 4.13.

MS Windows application

Sampled data 
1 ' I ' I I I I I I I '

Relumed result

DLL including processing 
and analysis algorithm

Data exchange between 
application and DLL

i i i i i

Figure 4.13: Call of a DLL as a function.

The DLL file is executed with a speed dependent on the used DLL file compiler. 

Microsoft Visual C++ was used to generate the DLL files. Since C is a programming 

language that works close to native machine code, its execution is fast. A function 

in a DLL file can be used in Lab View with the Call Library Function option. After 

its declaration it can be used as any other existing Virtual Instrument (VI) block in 

the program (figure 4.14).

The advantage of a DLL file in the form of a VI is that it is easy to use, fast in 

execution and of manageable size. Important parameters can still be varied in order 

to make usage of the processing routine as flexible as possible. Further information 

about the programming of DLL functions and its use in Lab View can be found in 

application notes from National Instruments [111-113].

18The MathWorks, Natick, U.S.A.
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Figure 4.14: Processing and analysis virtual instrument.

4.4 Acoustic Noise Measurements

To measure the torque versus acoustic noise characteristic of the test motor, several 

experiments were conducted. Acoustic measurements should ideally be carried out 

in an environment free of any echo or reverberant fields. Spacious acoustic anechoic 

chambers come close to the ideal free field environment. The acoustic measurements 

in this study were carried out in an anechoic chamber designed for microwave meas 

urements. The chamber was used because the absorptive materials on its walls and 

ceiling are similar to those used in an acoustic anechoic chamber. The reverber 

ant field attenuation is not as good as in an acoustic anechoic chamber but it is 

significantly better than an office or laboratory. The test environment provided an 

approximation of a free field over a non-reflecting plane. The contribution of the 

reverberant field to the sound pressure levels at the measurement surface was small 

compared with those of the direct field of the motor. The motor including the hold 

ing fixture was placed on a tripod in the middle of the chamber (figure 4.15). The 

motor itself was attached to the test system fixture. The system block diagram is 

the same as that of figure 4.8 except that the transducer in this case is a microphone.
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Figure 4.15: Acoustic measurement arrangement in the anechoic 
chamber.

Acoustic measurements were conducted using a microphone and pre-amplifier19 . 

A pre-amplifier buffered the small acoustic signal from the microphone and was 

integrated in the handle of the microphone. The microphone had a sensitivity of 

7.26 lsSp- and a flat frequency response from 0 to 12.5 kHz which did not vary by more 

than ±0.5 dB. The microphone was calibrated using a pistonphone especially de 

signed for the microphone. The pistonphone produced sinusoidal calibration sounds 

of 1 kHz at 104 db and 94 db.

The sound pressure levels around the motor varied with the location of the 

measuring point. The most appropriate microphone position was determined ex 

perimentally. Since the investigation should measure the maximum emitted noise, 

positioning of the microphone at the back of the motor was found to be the most 

suitable. All measurements were carried out with the microphone facing the back 

of the test motor and at a distance of 0.15 m (figure 4.16). Doubling the distance 

attenuates the signal by 6 dB [114]. Measurements conducted with a microphone 

distance of 0.3 m showed a poor signal-to-noise ratio since, the acoustic signal amp 

litude was close to the microphones noise level.

19Microphone MK202 and pre-amplifier MV181A, Cirrus Research Ltd.



4. Experimental and Testing Methodologies 93

Figure 4.16: Position of the microphone.

Due to the low microphone pre-amplifier output signal amplitude, an amplifier 

with a gain of 100 was designed to amplify the output signal further. To avoid 

aliasing (section 4.2.4) an 8th order low-pass filter with a cut-off frequency, /c , of 

15 kHz was designed to provide an attenuation of 42 dB at 25 kHz which represented 

half of the sampling frequency, y. According to equation 4.4 the attenuation for the 

system should be 80dB at ^-. The overall attenuation was 80 dB due to the band 

width of the microphone which had a cut-off frequency of 12 kHz. Therefore, the 

selected attenuation value was sufficient. In addition, an active 2nd order high-pass 

filter was used to eliminate the dc offset and to attenuate any very low frequency 

components resulting from building movements and walking noises. A cut-off fre 

quency of 10 Hz was used. The schematics of the circuits that were designed for 

acoustic measurements can be seen in figures B.7 and B.8 of appendix B.

The results of the SPL measurements were required to be comparable with the 

Xerox Environmental Health and Safety Manual20 . According to the manual a 

horizontal distance of 1 m of the test object was required. Since the tests have been 

conducted with a distance of 0.15 m, all noise level measurements were converted 

to measurements equivalent to SPLs at one meter. The SPL at distances rx and r2

can be converted using equation 4.5 [115]. 

20 CEHS STD No. 8.7.2., X.F.I.
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= SPLrl + 20 log - (4.5)

4.5 Summary

This chapter has presented the experimental and test methodologies that were util 

ised during this study to investigate the wear patterns in the dc test motors and 

the corresponding wear indicating parameters. These methodologies were developed 

after a thorough consideration of the appropriate test techniques for investigating 

the main wear indicating parameters that were identified in chapter 2. Furthermore 

the developed test and analysis methodologies were incorporated in the design of a 

versatile production test system that will enable motor screening for asset recovery 

purposes.

Accelerated life testing was identified as the only possible approach to investigate 

the development of wear in the test motors and the changes in the wear indicating 

parameters as these motors were not monitored in the application and they did not 

have historical data associated with them when they were recovered from the copy 

ing machines. Marginal testing was identified as the most appropriate test approach 

as it enables the test results to be related to the motor wear in its real life application.

This chapter has also presented the rationale for the best methodology of the 

experimental investigations of this study. This included the test schedule, duration 

and test operational modes. These operational modes were selected to provide the 

maximum amount of information on wear in the tested motors. The design of the 

accelerated life test system was described in detail. This included the mechanical
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construction of the test fixtures for the current and vibration measurements. The 

rationale for using a brake servo motor was presented and shown to provide a good 

solution for the maximum control of the test parameters. The electronic control and 

data acquisition hardware was described alongside the software for the test control 

and data recording. The GUI display of the experimental test system provided the 

means of conveying detailed information on the progress of the tests. On screen 

command buttons were provided to enable manual override of the operation of the 

motors being tested.

The chapter has also described the design and development of the asset recov 

ery motor screening test system for use in a production environment. This system 

includes most of the features of the accelerated life test system but was optimised 

for use in a manufacturing environment. The system allows the operator to mount 

the motor under test and remove it with ease. In addition, it analyses the acquired 

motor parameters in a short period of time and displays the analysis result on an 

easily understandable GUI. This is essential as the test time in a production envir 

onment is very limited and the operator is not expected to be experienced in using 

a computer system.

Finally, the chapter has presented the details of the motor acoustic measure 

ment system and its organisation. This system was used to test the acoustic noise 

emissions from the tested motors to discover if they provided reliable and consistent 

indication of the motor usage level.
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Chapter 5

Processing Methods and Test 

Results

This chapter describes the processing techniques that were used for data reduction 

and feature extraction of signals acquired during the accelerated life test experi 

ments. All experimental results are also presented in this chapter.

Section 5.1 describes the processing methods utilised during this study including 

both, time domain and frequency domain techniques. Special emphasis is placed on 

the time domain transform for feature extraction (TFE) due to its novelty, superior 

data reduction and feature extraction capabilities. The TFE was investigated thor 

oughly and its windowed version is introduced in this section.

The results of the accelerated life test experiments are presented in section 5.2. 

The various recorded parameters and the results of processing these parameters us 

ing the techniques of section 5.1 are also included. These parameters covered the 

motor voltage, motor resistance, time-to-speed parameter, emf/speed, motor speed,
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motor current and vibration of the motor.

Section 5.3 presents the results of the investigation into the acoustic noise levels 

of the motors. This includes the differences in the noise levels of different motor 

designs.

A summary of the main findings of this chapter is provided in section 5.4.

5.1 Processing Methods

This section section presents the details of the methods used to process the signals 

of the wear indicating parameters that were captured during the accelerated life test 

experiments. There are three main aims for processing these signals. The first is to 

remove unwanted components that are known to be caused by factors external to 

experiments. The second aim is to reduce the volume of collected data which makes 

these signals difficult to examine and interpret. Finally, these methods were applied 

to enhance and extract the most significant features in the signals to improve the 

accuracy of the subsequent analysis process.

5.1.1 Digital Filters

In this study, digital filters were used to remove very low frequency components 

which fall below 5 Hz. These components were present in the vibration and current 

signal. In the vibration signal they were mainly due to the building movements 

and walking noises. The current signal contained low frequency components which 

were related to misalignment of the motor and the brake shafts. These components 

could not be completely eliminated even when a flexible coupling was used. The low
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frequency signals would add an offset to the signal if they were not attenuated by a 

filter.

A zero phase shift finite impulse response (FIR) filter was used to filter the 

signals in order to minimise the influence of phase shift distortions. In comparison 

with linear phase filters which simply delay the filter output by a fixed number 

of samples, the delay using the zero shift FIR filter is zero and it reduces also 

the filter startup transients. A general FIR filter is characterised by the following 

equation [59]:

(5.1)g(n)= Yl h(k)x(n-k), fc = 0,1, ...,#/-

where, x is the input signal, g(n] is the filtered signal, h(k) are the impulse 

response coefficients of the filter and Nf is the filter length. The processing scheme 

of a zero phase filter is shown in figure 5.1. The sampled input signal, x(n), is time 

reversed after filtering, which results in g(—n). This is followed by another stage 

of filtering and time reversal. As a result, the output signal, s(n), has zero phase 

distortion [59]. The length of the 50-stage filter used in this study was determined 

experimentally.

x(n) h(n)
9(n)—— * Time 

Reverse
9(-n)
—— > h(n)

r(n) Time 
Reverse

s(n)

Figure 5.1: Zero phase FIR filtering.
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5.1.2 Time domain processing

Statistical methods

Basic statistical methods were used to process the signals. These included the mean 

value (equation 2.1), RMS value (equation 2.2), kurtosis (equation 2.5) and the vari 

ance (equation 2.4) of the signal as described in section 2.3.1.

The coefficient of variation, (7, was used to measure the variation of different 

parameters over a specific motor usage level . The standard deviation, <jn , is a 

measure of absolute variability in a set of data. However, of more interest is the 

relative variability, which is most commonly expressed using the coefficient of vari 

ation [116]. It is given by,

C = = 100% (5.2) 
x

Transform for feature extraction

The literature review has referred to the technique developed and patented by Wa- 

hab and Gough [49] for data reduction and waveform feature extraction. This tech 

nique appeared to be superior to other time domain analysis methods and therefore, 

it was selected for detailed investigation in this study. The patent description has 

reported this technique as a signal processing method for neural network classifiers. 

It was originally developed for processing biological signals, but no studies on the 

application of this technique have been reported. It has two main functions:

• To transform the data from an JV-sampled vector to an r-sampled vector, 

where r is smaller than TV. This is a data reduction function.
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• It enhances the significant features contained in the original data, thus en 

abling an artificial neural network (ANN) to perform its classification more 

accurately. This is the feature extraction aspect of the technique.

Therefore, this technique can be thought of as a Transform for Feature Extrac 

tion (TFE). The TFE abbreviation will be used for the remainder of this thesis to 

denote the original Wahab and Gough technique and its derivatives. However, it is 

important to note that this transform is not reversible.

TFE utilises the shape of the signal as the main feature rather than relying purely 

on the statistical and spectral information of the signal. The shape of the signal is 

a combination of a number of factors that also include its spectral and statistical 

contents. The rationale behind this is that it is possible to have two waveforms with 

different shapes but with almost identical spectral and statistical contents which 

makes it difficult to distinguish between them. However, the shape difference may 

carry information regarding the parameters being monitored.

The TFE was derived from the technique for calculating the fractal dimension 

of a signal [117]. Therefore, it is important to understand the method of calculating 

the fractal dimension before presenting the mathematical representation of the TFE. 

The fractal dimension of a signal is calculated by estimating its geometrical length, 

/, using rulers of different lengths, r (figure 5.2).

Each ruler provides a different estimate of the signal's geometrical length, with 

the smallest ruler providing the best estimate. All the signal length estimates, /, 

are plotted against the different ruler lengths, r. The slope of the resulting log-log 

graph is the fractal dimension of the signal [118,119]. The graph itself provides a 

new representation of the signal.
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y

Figure 5.2: Calculation of the fractal dimension suggested by Mandelbrot.

An alternative approach to estimate the signal length versus ruler length graph 

was proposed by Gough [120] as part of a study on fetal heart rate analysis. In this 

approach the ruler is kept in a horizontal position and shifted a ruler length, r, at a 

time as illustrated in figure 5.3. For each ruler position, the amplitude difference of 

the signal displaced by one ruler gives the vertical difference, h. Using the sample 

amplitude difference, A, and the ruler length, r, the geometrical length of the signal 

/, can be approximated by [120],

-rk- I) 2 + (xrk -
k-l

(xir - (5.3)

T = 1, Z, ^•••

where, z,- is the number of the ith signal sample, N is the number of samples of 

the signal, rmax is the maximum ruler length and k gives the number of whole ruler 

lengths that may be layed end to end along the signal,



5. Processing Methods and Test Results 102

k = TRUNC /TV-1 
V r (5.4)

The first square rooted term estimates the length of the last segment of the signal 

if its number of samples is smaller than the ruler length, or when TV-1 is not a factor 

of r. The TRUNC function gives the integer part of ^^. A graphical illustration of 

this method is shown in figure 5.3. The error of the approximated length decreases 

as the ruler length is decreased.

Amplitude

Nth sample 
of signal

Samples

Figure 5.3: Calculation of the fractal dimension suggested by Gough.

For each value of r a new value of / can be calculated and plotted in a log-log 

graph to calculate the fractal dimension as described earlier. Both methods [118,120] 

of producing the signal length versus ruler length graph do not characterise the sig 

nal in sufficient detail and thus are not useful in extracting its shape features.

The TFE is an evolution of the method of generating the fractal plot of a signal. 

It provides a better representation of the signal and emphasises its characteristic 

features. The TFE is calculated by keeping the ruler horizontal as in the previous
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method. However, the main difference is that the ruler is shifted by one sample at 

a time. At each ruler position the amplitude difference, h, is calculated as shown in 

figure 5.4. The summation of the heights calculated for each ruler position represents 

a single value, D(r), of the TFE vector. D(r) is calculated for all integer values 

of r from 1 up to the maximum desired ruler length rmax . The resulting feature 

vector has the same length as the maximum ruler length used. The mathematical 

representation of the TFE is given by,

n-l

(5.5)
i=0

n = N - 1 - r , 

and r = 1,2,3, ...,rmaar ,

where, |z;r — X(,-+1 j r | is the amplitude difference of samples i and i+l of the signal, 

r is the ruler length and N is the number of samples of the input signal. Therefore, 

the TFE has transformed a signal of length N to a feature vector of length rmax .

Amplitude

sample 
of signal

Samples

Figure 5.4: Amplitude difference calculation in the TFE.
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Since the shape of the signal also depends on its frequency, it is possible to 

determine the frequency of periodic signals from the TFE vector. A property of the 

TFE vector is that it has a minimum at the period of the analysed signal. This 

minimum occurs also at multiples of the analysed signal period. If the signal is 

periodic as shown in figure 5.5, the TFE vector will show minima at ruler lengths of

fsr = —n , n = 1,2,3... (5.6)

In equation 5.6, fs is the sampling frequency and / is the frequency of the 

periodic signal.

Figure 5.5: Periodic signal.

Figure 5.7 shows the TFE vector for the sinusoidal signal of figure 5.6. The 

signal frequency is 1 kHz and it was sampled at 200 kHz. Figure 5.7 shows the TFE 

vector with a maximum length, r, of 600. The feature vector clearly illustrates the 

local minima at ruler lengths of,

r —
fa _ 200 kHz = 

1 kHz
n = 1,2,3, (5.7)
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0.5 1.5 2.5 3.5
Time (ms)

Figure 5.6: Sinusoidal waveform with a frequency of 1 kHz.

100 200 3OO 4OO 
Ruler Length (r)

500 600

Figure 5.7: TFE vector of the signal of figure 5.6.
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The feature extraction and data reduction capability of the TFE was investig 

ated in detail in this study for the first time. Its performance was compared with 

spectral and statistical methods. Standard signals were utilised in this investigation. 

Examples of the results obtained are included in this section.

Figure 5.8(a) and (b) show two signals with clearly different shapes. The signal 

of figure 5.8(a) is a sinusoidal waveform with a frequency sweep of 10%, whilst that 

of figure 5.8(b) has a sinusoidal waveform superimposed on it. The two signals were 

sampled at 1 kHz and the number of samples used in the analysis was 1024. Fig 

ures 5.8(c) and (d) illustrate the frequency spectra of the signals of figures 5.8(a) 

and (b) respectively. The two spectra are very similar. This makes the spectra 

very difficult to use as the means of discriminating between the two signals. In 

figure 5.8(c) and (d) only 98 points of the spectrum were included for clarity. The 

remainder of the spectrum does not have any components.

Figures 5.8(e) and (f) show the TFE vectors of the signals of figures 5.8(a) and 

(b) respectively. These vectors are clearly different and allow a full discrimination 

between the two signals, even by visual inspection. This illustrates the feature 

extraction and enhancement capabilities of the TFE. The feature vectors of fig 

ures 5.8(e) and (f) were generated using ruler length from 1 to 400. Thus the 1024 

points of the original signal were reduced to feature vectors of 400. This provides 

a data reduction of 2.56:1. To illustrate the data reduction capability of the TFE, 

every eighth point of the feature vectors in figures 5.8(e) and (f) were plotted to 

produce the 50 point feature vectors of figures 5.8(g) and (h). The resulting vectors 

are clearly different and enable a full discrimination between the two signals. The 

new data reduction ratio is 20.48:1. Plotting every eighth point of the feature vec-
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tor is the same as incrementing the ruler length by 8 in calculating the TFE using 

equation 5.5. This significantly reduces the computation which is already very much 

simpler than calculating the fast Fourier transform (FFT).

The TFE also has a significant advantage over using statistical parameters to dis 

criminate between signals. To illustrate this consider the two signals of figures 5.9(a) 

and (b). The two signals are clearly different. Figures 5.9(c) and (d) show the TFE 

vectors of the signals in figures 5.9(a) and (b) respectively. The two vectors were 

generated by using ruler lengths of 1 to 400 and they are clearly different.

The statistical parameters for the two signals were calculated and presented in 

table 5.1. Clearly the two signals have identical statistical parameters and there 

fore, these parameters cannot be used to discriminate between them. This example 

demonstrates that the TFE can produce better results than simple signal statistics.

Statistical parameter
RMS value
Variance
Kurtosis

Input signal figure 5. 9 (a)
0.7038
0.4957
-1.4962

Input signal figure 5.9(b)
0.7038
0.4957
-1.4962

Table 5.1: Statistical parameters of the signals of figures 5.9(a) and (b).

The two examples comparing the TFE against spectral and statistical analyses 

illustrate the advantages of this method in extracting the shape features of a signal 

and discriminating between different signals. In addition, it provides a significant 

data reduction capability.
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Figure 5.8: Comparison of frequency spectra and TFE processing results.
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Figure 5.9: Comparison of statistical parameters and TFE processing results.
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The windowed TFE (WTFE)

The TFE does not take local variation of the signal shape into account and due to its 

cumulative summation it has an averaging effect. Therefore, the TFE when applied 

to a long signal with time varying characteristics may supress important features of 

the signal. This is similar to applying the Fourier transform (FT) to non-stationary 

signals. The short time Fourier transform (STFT) is used to overcome the limita 

tions of the FT as described in section 2.3.1. Using a similar approach to the STFT, 

the windowed TFE (WTFE) was introduced in this study to improve the feature 

extraction capabilities of the TFE for time varying signals.

The WTFE is calculated, using a sliding window of width w, by,

n+w— 1

WD(r,nw)= Yl \x ir - x (i+l)r \ (5.8)
=n

where, nw is the window number and,

n = 0, w — m, 1(w — m] ... N — (w — m) (5-9)

The overlap parameter, m specifies the overlapping level between successive win 

dows and is in the interval,

Q<m<w-l (5.10)

The WTFE results in a three dimensional plot. Two of the axes are the same 

as those of the TFE and the third axis is the window number, nw. Figure 5.11 

shows the WTFE of the signal of figure 5.10. Figure 5.10 shows 2000 samples of 

a sinusoidal signal with linearly increasing frequency. The WTFE of figure 5.11 

was produced with a 400 point wide window, w, an overlap parameter, m of 200



5. Processing Methods and Test Results 111

points or 50%, and a maximum ruler length, rmar , of 200 points. The plot clearly 

shows that the feature vectors are changing with time or window number nw. This 

example shows that the WTFE enables the processing of time varying signals and 

is more effective in extracting local features of the signal's shape.

5OO 1OOO 15OO 

Sample number

2OOO

Figure 5.10: Sinusoidal signal with linear swept frequency.

50
100

150
200

Figure 5.11: The WTFE plot of the signal of figure 5.10.
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The overlap parameter m, of the WTFE influences its resolution. Considering an 

input signal of fixed length the WTFE produces more vectors with a higher overlap 

ratio than without any overlap. A compromise has to be found between processing 

speed and resolution. The window length, w, determines the maximum vector length 

and therefore, also the degree of averaging. More averaging results from wider win 

dows. A compromise between the averaging effect and the ruler length should also 

be found.

Different maximum ruler lengths, rmax , window lengths, w and overlap paramet 

ers, m, were investigated in this study. It was found that a window length of 3,000 

points, a ruler length of at the most 200 points and an overlap of 50% or 1,500 

points produced the best results. Each of the monitored motor parameter from the 

accelerated life test experiments had a sample length of 30,000 points. Using the 

50% overlap and a 3,000 points window resulted in 19 feature vectors with a length 

of 200 points for each parameter.

5.1.3 Frequency domain processing

The spectra of the signals in this study were computed using the discrete Fourier 

transform (DFT) described in section 2.3.1 (equation 2.6). Prior to computation of 

the DFT the input signal was windowed using a Blackman window [121] which is 

described by

w (n) = <
0.42+ 0.50 cos (3^)+0.08 cos ^ , n = 0,1,2, ...,7V - 1, 

Q otherwise
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The windowing process enhances the DFT result by reducing the leakage in the 

frequency domain. Leakage occurs because the recorded signal is of finite length [51]. 

The Blackman window has been chosen because its highest sidelobe level has a 

magnitude of -58 dB and thus shows an advantage over other window types such 

as Hamming (-43 dB) or Manning (-31 dB) [121]. Since windowing reduces the 

signal energy and introduces low frequency components into the spectrum, a linear 

function of the signal is windowed in order to overcome these disadvantages. This 

is accomplished using the following function [108]:

S(n) = w(n)

N-l
£ w(n)s(n)

n-O

N
N-l 

.n=0

-I 2

(5.12)

where, s(n) is the original sampled signal and S(n) the windowed and corrected 

signal.

The resolution, /0 , of the DFT depends on the sampling frequency, /s , the total 

number of analysed samples, n, and the characteristic window bandwidth. Accord 

ing to Harris [121] it can be calculated for a Blackman window by,

/o = — 2.13 n (5.13)

The signals in this study consisted of 30,000 samples which were segmented into 

three parts with a length of 10,000 samples. The DFT was then been applied to the 

three segments of 10,000 sample points which resulted in three frequency spectra 

with a resolution of 21.3 Hz. The spectra were then averaged in order to enhance 

the significant frequency components and to attenuate noise. This method has been 

used by other researchers [22].
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5.1.4 Confidence interval

In order to determine the confidence interval of the test motor data it was assumed 

that the data were normally distributed. For small sample sizes and with the as 

sumption that the measured data were normally distributed and the expectation 

value // is unknown, the t-distribution can then be used. The t-value is given by,

(5.14)

with, the standard deviation of the mean value <r^,

N

The confidence interval is given by

p = x± tax (5-16)

where, the t values depend on the chosen confidence interval and the number of 

samples [40,122]. In this study the 95% confidence interval has been used to show 

the spread in the data of the tested set of motors.

5.2 Accelerated Life Test Results

This section presents the results of the accelerated life test experiments of the dc 

motor sample. The recorded signal of the monitored parameters were processed us 

ing the methods described in section 5.1. Table 5.2 lists the number of tested motors 

and the number of cycles carried out during these tests. The number of motor cycles 

is commonly referred to as the test time. It is more accurate to consider the number
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of cycles as the usage level of the motor.

The 95% confidence intervals were calculated and plotted with the resulting 

graphs.

Accelerated test time 
(million cycles)

0-1.5
1.5-4.5

Number of motors tested

8
4

Table 5.2: Number of tested motors.

5.2.1 Motor voltage

The recorded motor voltages were almost constant. Figures 5.12 and 5.13 show the 

voltages in the forward mode without load. Figures 5.14 and 5.15 show the voltages 

in the reverse mode. The forward voltage with maximum load showed similar stead 

iness and was therefore, not displayed. Table 5.3 lists the mean voltages and the 

range for the tested motors.

Table 5.3 and figures 5.12 to 5.15 clearly show that the voltage of the motors 

did not change significantly during 4.5 million motor cycles. This observation is im 

portant since it indicates that the tests were conducted correctly. A high variation 

in the supply voltage of the motors would have influenced the test results due to 

the voltage dependency of the motor's speed. A long term range of the mean motor 

voltages of less then ±0.4% of the mean value is very satisfactory.
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Cycles (million)

0-1.5 
1.5-4.5

0-1.5
1.5-4.5

Operation mode

Forward, without Load 
Forward, without Load
Reverse 
Reverse

Mean voltage (V)

17.04 
17.01
-17.16 
-17.16

Range (%)
+0.308% 
-0.378%
+0.367% 
-0.28%
+0.059% 
-0.1% 
+0.072% 
-0.053%

Table 5i3: Test results of the motor voltages. Results were obtained from 8 
tested motors during the first 1.5 million cycles and 4 motors for the 
remaining 3 million cycles.

17.3

17.2

17.1

17

16.9

16.8

16.7

16.6

—— Mean Voltage
— - +/- 95% Confidence Interval

0.5 1.5
Cycles (million)

Figure 5.12: Motor voltages in the forward mode without load, during 1.5 mil 
lion cycles. Results were obtained from 8 tested motors and aver 
aged.
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Figure 5.13: Motor voltages in the forward mode without load, during 1.5-4.5 
million cycles. Results were obtained from 4 tested motors and 
averaged.
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Figure 5.14: Motor voltages in the reverse mode, during 1.5 million cycles. Res 
ults were obtained from 8 tested motors and averaged.
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Figure 5.15: Motor voltages in the reverse mode, during 1.5-4.5 million cycles. 
Results were obtained from 4 tested motors and averaged.

5.2.2 Internal motor resistance

The internal motor resistance, Ra , was derived from the motor current and voltage 

in the two generator modes. The first mode operated the test motor as a generator 

in open circuit, whilst the second mode operated the test motor as a generator with 

a load resistor connected to the motor terminal pins (figure 5.16). The internal 

resistance consists mainly of the contact resistance of the brushes and the armature 

winding resistance. A value of 11 fi for the armature winding resistance was meas 

ured on disassembled motors and was considered constant as long as no short circuit 

occurs in the winding.

VtRL f RL

Figure 5.16: Equivalent circuit of a dc motor with the load resistor connected.

Using the measurements in these two operational modes the resistance was cal-
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culated using equation 4.1. The used load resistor value of 150 [] was determined 

experimentally so that the speed of the test motor in generator mode does not ex 

ceed a minimum speed limit of 100 rpm.

Figure 5.17 illustrates the results over 1.5 million cycles and figure 5.18 shows 

the changes of the internal resistance during the following 3 million motor cycles. It 

can be seen that the resistance did not change significantly for the 4.5 million cycles 

after an initial decline in the first 300,000 cycles. The fact that the internal resist 

ance of the motor cannot give a reliable indication of the condition of the carbon 

brushes was also reported by industry sources [97]. This is mainly due to its com 

posite structure and physical properties (section 3.6.1). An overview of the internal 

motor resistance range over motor usage level can be seen in table 5.4.

Cycles (million)

0-1.5

1.5-4.5

Mean resistance ($1)

12.4
12.6

Range (%)
+11.4% 
-4.8%
+7.6% 
-5.71%

Table 5.4: Mean resistance and its range.
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Figure 5.17: Internal motor resistance during 1.5 million cycles. Results were 
obtained from 8 tested motors and averaged.
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Figure 5.18: Internal motor resistance during 1.5-4.5 million cycles. Results 
were obtained from 4 tested motors and averaged.
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5.2.3 Time-to-Speed

The time-to-speed is an important parameter of the motor performance in the copy 

ing machine if used as a paper feed motor due to its cyclic operation (section 3.3). 

The results of the time-to-speed tests are shown in figures 5.19 to 5.22. Figures 5.19 

and 5.20 illustrate the variation of the time-to-speed value during 4.5 million cycles 

of the unloaded motor. Figures 5.21 and 5.22 show the same parameter, but with 

maximum motor load. The tests were conducted on eight motors in the first 1.5 

million cycles and four motors for the following 3 million cycles, and then averaged 

to produce the results in figures 5.19 to 5.22. The results presented in the four 

figures clearly show that the time-to-speed parameter is relatively constant during 

motor usage. Furthermore, the parameter did not vary significantly with loading of 

the motor as can be concluded by comparing figures 5.19 and 5.20 with figures 5.21 

and 5.22. The variation of the time-to-speed value during the motor's usage are 

summarised in table 5.5. Finally, it is clear that the motors did not exceed the 

design specifications of 120 ms for the time-to-speed at maximum load (section 3.3).

Cycles (million)

0-1.5
1.5-4.5

0-1.5 
1.5-4.5

Operation mode

Forward, with Load 
Forward, with Load

Forward, without Load 
Forward, without Load

Mean time-to-speed (ms)

73.1 
74.74
73.1 

73.59

Range (%)
+5.9% 
-4.5%

+ 15.1% 
-12.1%
+5.9% 
-4.5% 

+8.31% 
-9.2%

Table 5.5: Mean time-to-speed values and their ranges.
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Figure 5.19: Time-to-speed value without load during 1.5 million cycles. Results 
were obtained from 8 tested motors and averaged.
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Figure 5.20: Time-to-speed value without load during 1.5-4.5 million cycles. 
Results were obtained from 4 tested motors and averaged.
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Figure 5.21: Time-to-speed value with maximum load during 1.5 million cycles. 
Results were obtained from 8 tested motors and averaged.
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Figure 5.22: Time-to-speed value with maximum load during 1.5-4.5 million 
cycles. Results were obtained from 4 tested motors and averaged.
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5.2.4 EMF/Speed

For permanent magnet dc motors the factor, k $, where $ is the magnetic flux and 

k is the armature winding constant, is constant. It is clear from equation 3.5 that 

the generated motor voltage, £a , is proportional to the speed, ccJ0 , of the motor. 

Considering a constant magnetic flux, $, due to the permanent magnets, this para 

meter should not change. However, a slight negative trend was observed during the 

first 1 million cycles. Figures 5.23 and 5.24 show the ratio, ^ , during 4.5 million 

cycles of the motor's usage. It is very likely that this effect was due to a decrease 

in the magnetic flux, $. This means that the permanent magnets might have been 

subjected to an effect that had changed their magnetic properties. The effect of the 

decrease in <& is discussed further in section 5.2.5.

Cycles (million)

0-1.5
1.5-4.5

Mean &*• (Vmin)
LJQ \ 1

0.033
0.033

Range (%)
+2% 
-1.27%
+1.35% 
-1.37%

Table 5.6: Mean ^ and its range.
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Figure 5.23: ^- during 1.5 million cycles. Results were obtained from 8 tested
motors and averaged.
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Figure 5.24: ^ during 1.5-4.5 million cycles. Results were obtained from 4 
tested motors and averaged.
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5.2.5 Speed

The motor speed was measured in the steady state to ensure that the test results 

were not influenced by the motor's starting behaviour. The results of the speed 

measurements are shown in figures 5.25 to 5.27.

Figures 5.25 and 5.27 show that the motor's forward speed had increased during 

the first 1.5 million cycles. The reverse speed showed the same behaviour and was 

therefore, not presented here. The speed showed an overall range of 4.86% in the 

forward mode without load (table 5.7). This correlates with an overall range of 

3.27% in the ^ parameter (table 5.6). From equation 3.5, it follows that

u;0 oc - (5.17) (j>

the speed of the motor therefore, inversely increases with flux. Figure 5.29 shows 

the speed and ^ changes with reference to their initial values during 1.5 million 

cycles of the motor testing. The graph was plotted using a fifth order best fit poly 

nomial to the mean value of the two parameters against the number of cycles of 

motor usage with reference to the initial value. It can be seen that the changes 

of — and speed are inversely proportional for approximately 70% of the first 1.0 

million test cycles, which is in agreement with equation 5.17. After 1.0 million test 

cycles, the speed shows very little variation as can be seen in figure 5.25 and 5.27.
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Cycles (million)

0-1.5 
1.5-4.5

0-1.5
1.5-4.5

Operation mode

Forward, without Load 
Forward, without Load
Forward, with Load 
Forward, with Load

Mean speed (rpm)

483.4
482
309

296.4

Range (%)
+ 1.86% 
-3% 
+2.15% 
-1.67%
+3.43% 
-5.91% 
+3.15% 
-2.99%

Table 5.7: Mean speed and their ranges.
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Figure 5.25: Speed in forward mode with maximum load during 1.5 million 
cycles. Results were obtained from 8 tested motors and averaged.
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Figure 5.26: Speed in forward mode with maximum load during 1.5-4.5 million 
cycles. Results were obtained from 4 tested motors and averaged.
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Figure 5.27: Speed in forward mode without load during 1.5 million cycles. Res 
ults were obtained from 8 tested motors and averaged.
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Figure 5.28: Speed in forward mode without load during 1.5-4.5 million cycles. 
Results were obtained from 4 tested motors and averaged.
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Figure 5.29: Speed and f3- changes with respect to a new motor during 1.5 mil 
lion cycles. Results were obtained from 8 tested motors, averaged 
and plotted using a best fit polynomial.
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5.2.6 Current

The current of the motors was monitored using a shunt resistor. Due to the loc 

ation of the shunt resistor in the h-bridge circuit of the life test equipment, the 

current was recorded as a positive value independent of its operational mode (fig 

ure B.2). Figure 5.30 shows a sample segment of the current waveform for a motor 

that was tested for 150,000 cycles. Figure 5.31 shows a sample segment of the cur 

rent waveform of the same motor after 450,000 cycles of the test. It can be seen 

that the current waveforms are similar in appearance, but the current waveform of 

figure 5.31 exhibits slightly more current spikes than that of figure 5.30.

O.135

O.O85

Figure 5.30: Sample segment of the current waveform of a motor that was tested 
for 150,000 cycles.
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Figure 5.31: Sample segment of the current waveform of a motor that was tested 
for 450,000 cycles.

Time domain processing

Mean current value The mean value of the current waveforms did not show any 

significant trend in all operational modes that were used for wear analysis. The 

range in the mean currents can be seen in table 5.8. The difference between the 

maximum and minimum mean current value of the eight tested motors in the first 

1.5 million cycles was approximately 11% (table 5.8). During the initial 5% of the 

first 1.5 million cycles of testing a significant current drop was observed which is 

likely to have been caused by the initial bedding-in of the motor parts such as the 

carbon brushes. The reverse current and forward current without load showed an 

increase of over 7% in the first 1.5 million cycles. The mean values of the current 

waveform for 1.5-4.5 million cycles of testing did not show any significant change or 

trend and are therefore not included here.
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Operation mode

Forward, without Load
Forward, with Load
Reverse

Mean current (mA)

116
392
115

Range (%)
+ 7.55% 
-3.52%
+4.48% 
-3.22%
+ 7.61% 
-3.84%

Table 5.8: Mean currents and their ranges for the first 1.5 million cycles.

O.14

0.13

5-0.12

0.1

O.O9

0.08 L

—— Mean Current
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Figure 5.32: Mean value of the current waveform in the forward mode without 
load during 1.5 million cycles. Results were obtained from 8 tested 
motors and averaged.
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Figure 5.33: Mean value of the current waveform in the forward mode with 
maximum load during 1.5 million cycles. Results were obtained 
from 8 tested motors and averaged.

0.14

0.13

0.1

0.09

O.O8

Mean Current
+/- 95% Confidence Interval

0.5
Cycles (million)
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Figure 5.34: Mean value of current waveform in the reverse mode during 1.5 
million cycles. Results were obtained from 8 tested motors and 
averaged.
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TFE processing The TFE described in section 5.1.2 was applied to the motor 

current waveforms. Examples of the feature vector changes in the three operational 

modes can be seen in figures 5.35 to 5.40. Each plot displays the 19 vectors of 

the WTFE (equation 5.8) obtained from the recorded current signal of a length of 

30,000 sample points. Since 19 vectors were calculated, each vector was plotted 

against the time interval of the window over which it was calculated. The other two 

axes are the ruler length, r, and the magnitude of the vectors. The sample results 

were taken from one motor only (motor 5). The figures show the feature vectors at 

the beginning of the life test and after 1.5 million cycles. It can be seen that the 

feature vectors have changed significantly with motor usage.

SO 100 15O
200 25O Time (s)

Figure 5.35: WTFE vectors of motor 5 (new) in the forward mode with max 
imum load.

In order to estimate if the 19 feature vectors of the recorded current signal show 

any variation a measure of the variation was introduced. A measure of the vari 

ations was obtained by calculating the standard deviation of the 19 vectors at each 

ruler length, r. In order to measure the overall variation the cumulative sums of
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so too
15O

2OO
25O

05
Time (s)

Figure 5.36: WTFE vectors of motor 5 in the forward mode with maximum load 
after 1.5 million cycles.

so 100 15O 200 250 Time (s)

Figure 5.37: WTFE vectors of motor 5 (new) in the forward mode without load.
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so 100 15O 2OO Time (s)

Figure 5.38: WTFE vectors of motor 5 in the forward mode without load after 
1.5 million cycles.

150 200 250
3OO

Time (s)
350

400

Figure 5.39: WTFE vectors of motor 5 (new) in the reverse mode.
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50 1OO 15O 200 250 Time (s)

Figure 5.40: WTFE vectors of motor 5 in the reverse mode after 1.5 million 
cycles.

the obtained standard variations were calculated. The cumulative sums were then 

plotted against the motor's usage. Figures 5.41 and 5.42 show the changes of the 19 

vectors in each sample over usage. The graphs for the two forward modes were not 

produced here as they are similar to figures 5.41 and 5.42.

It can be seen that the variability of the feature vector increases slightly with 

motor usage. The variability during the first 300,000 cycles is small. It then in 

creases rapidly and shows only little variation at the end of 1.5 million cycles.

This was investigated further using the coefficient of variation (equation 5.2) 

calculated from the raw time domain signal. The coefficients of variation of all three 

operational modes are plotted in figure 5.43 to 5.45.
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Figure 5.41: Variation of the 19 feature vectors during 1.5 million cycles in the 
reverse mode. Results were obtained from 8 tested motors and 
averaged.

1200

1000

co

iI
o

800

600

4OO

200 '- '-:

—— Cumulative Sum
- - +/- 95% Confidence Interval

1.5 2.5 3.5 4.5
Cycles (million)

Figure 5.42: Variation of the 19 feature vectors during 1.5-4.5 million cycles in 
the reverse mode. Results were obtained from 4 tested motors and 
averaged.
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Figure 5.43: Coefficient of variation of the feature vectors during motor usage 
in the forward mode without load. Results were obtained from 8 
tested motors and averaged.
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Figure 5.44: Coefficient of variation of the feature vectors during motor usage in 
the forward mode with load. Results were obtained from 8 tested 
motors and averaged.
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Figure 5.45: Coefficient of variation of the feature vectors during motor usage 
in the reverse mode. Results were obtained from 8 tested motors 
and averaged.

It can be seen that the variation of the feature vectors over the motor's usage 

show an increasing trend as does the coefficient of variation. Figure 5.45 shows that 

the variation in the reverse mode is noted to be the highest.

Figures 5.46 to 5.48 show the mean of the mean values of all the feature vectors 

during 4.5 million cycles of testing. In order to visualise the change of the vectors 

the figures were plotted with a view from the top of the magnitude axis. The 

different grey levels correspond to different magnitude values. A darker shading 

represents lower magnitude. It can be seen that the feature vectors show an increase 

in amplitude with motor usage. This is an indicator that the amplitude differences 

in the time domain signal are increasing. Due to the summation of the magnitude 

differences during the calculation of the TFE vector the TFE vectors amplitude 

is increasing. This correlates well with the coefficient of variation of the current 

signal. It can also be seen that the shape of the vectors change with motor usage. 

Specifically, the trough of the feature vectors shows changes in amplitude and shape.
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4.5

Figure 5.46: Mean feature vector in the forward mode with maximum load dur 
ing 4.5 million cycles of testing. View from magnitude axis.

4O 6O 8O 1OO 12O 14O 16O 18O 2OO

Figure 5.47: Mean feature vector in the forward mode without load during 4.5 
million cycles of testing, tor view. View from magnitude axis.
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Figure 5.48: Mean feature vector in the reverse mode without load during 4.5 
million cycles of testing. View from magnitude axis.

Frequency domain processing

The spectra of the current signals confirmed the TFE vector changes during the test 

time. As an example consider the spectra of motor 1 which are shown in figure 5.49 

to 5.51. The largest change took place after approximately 450,000 cycles of testing. 

Frequency components above 3 kHz started to appear at this point. However, no 

major changes took place after 1.5 million cycles. In order to visualise the change of 

the vectors the figures have been plotted with a view from the top of the magnitude 

axis. Higher magnitudes correspond to a darker shading.
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Figure 5.49: Current spectra in the forward mode without load during 4.5 mil 
lion cycles of testing.

15OO 2OOO 25OO 3OOO 35OO 4OOO 45OO

Figure 5.50: Current spectra in the forward mode with maximum load during 
4.5 million cycles of testing.
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Figure 5.51: Current spectra in the reverse mode during 4.5 million cycles of 
testing.

5.2.7 Vibration

Vibration signals were recorded using the accelerometer that was attached to the 

gearbox of one test motor. The purpose of the vibration measurement was to detect 

if changes in the characteristics of the mechanical components, such as the gearbox 

of the motor, take place with motor usage. Figure 5.52 shows a sample segment of 

the vibration waveform of a motor that was tested for 150,000 cycles. Figure 5.53 

shows a sample segment vibration waveform of the same motor that was tested for 

450,000 cycles. A visual inspection of the two figures indicates that the appearance 

of the time domain signals are not significantly different.
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0.8

15 
Time (ms)

Figure 5.52: Vibration waveform of a motor that was tested for 150,000 cycles.

-O.8 15 
Time (ms)

Figure 5.53: Vibration waveform of a motor that was tested for 450,000 cycles.
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Time domain processing

All time domain processing methods were conducted on the recorded vibration sig 

nals that consisted of 30,000 sample points each.

RMS Various processing methods were applied to the vibration signal to invest 

igate if mechanical wear, especially, gear wear, can be observed during motor usage. 

Since the vibration processing results showed a similar trend for all operational 

modes, only the results of one operational mode are presented. No change in trend 

could be detected during 4.5 million cycles of motor usage. Therefore, graphs for 

these cycles are not presented here. Figure 5.54 shows the root mean square (RMS) 

value of the signal, during the first 1.5 million cycles of testing and in the forward 

mode without load. The results for the same operational mode but with maximum 

load are presented in figure 5.55. It can be seen that both figures do not show a signi 

ficant trend but the RMS vibration level was reduced significantly from 0.2 g for the 

operational mode without load to 0.12 g for the operational mode with maximum 

load.
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Figure 5.54: RMS values of the vibration signal in the forward mode, without 
load during the first 1.5 million cycles of testing. Results were 
obtained from 2 tested motors and averaged.
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Figure 5.55: RMS values of the vibration signal in the forward mode, with load 
during the first 1.5 million cycles of testing. Results were obtained 
from 2 tested motors and averaged.
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Skewness and kurtosis Skewness and kurtosis were also used in order to extract 

features from the vibration signal. The results of the two operational modes are 

plotted in figures 5.56 and 5.57. The result of the kurtosis can be seen in figure 5.58.

The 95% confidence interval shows a broad appearance, which is likely to be 

due to the fact that the vibration signal has been monitored for only two motors. 

However, a significant change cannot be seen in any of the figures 5.56 to 5.58.

2.5 

2

1.5 

1

O.5

1 O

-O.5

Mean Skew
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o.e 0.9
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Figure 5.56: Skewness in the forward mode without load during the first 1.5 mil 
lion cycles of testing. Results were obtained from 2 tested motors 
and averaged.
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Figure 5.57: Skewness in the forward mode with load during the 1.5 million 
cycles of testing. Results were obtained from 2 tested motors and 
averaged.
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Figure 5 ,58: Kurtosis in the forward mode, without load during the 1.5 million 
cycles of testing. Results were obtained from 2 tested motors and 
averaged.
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TFE processing Similar results were obtained by applying the TFE which has 

been calculated in the same way as described in section 5.2.6 for the TFE processing 

of the current signals. Figures 5.59 to 5.61 show the results of applying the WTFE 

to the vibration signals. It can be seen that no significant changes took place in the 

first 1.5 million cycles of testing. The plots for the 1.5-4.5 million cycles test results 

were not displayed since they show the same trend as in the first 1.5 million cycles.

illion)

Figure 5.59: Mean feature vectors in the forward mode without load during the 
first 1.5 million cycles of testing. Results were obtained from 2 
tested motors and averaged.
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Figure 5.60: Mean feature vectors in the forward mode with maximum load 
during the first 1.5 million cycles of testing. Results were obtained 
from 2 tested motors and averaged.

lion)

Figure 5.61: Mean feature vectors in the reverse mode during the first 1.5 million 
cycles of testing. Results were obtained from 2 tested motors and 
averaged.
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Frequency domain processing

The frequency spectra for the vibration signal were plotted and displayed using the 

same method as for the current results. The two forward modes showed similar 

frequency spectra and therefore, only one graph is displayed (figure 5.62). It can 

be seen that the main frequency components fall in the region between 9 kHz and 

10 kHz. The reverse vibration signals exhibited a similar behaviour (figure 5.63). No 

significant changes can be observed during the 4.5 million motor cycles of testing. 

This correlates with the observation from the previous analyses of the vibration 

signal.
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Figure 5.62: Vibration spectrum in the forward mode without load during 4.5 
million cycles of testing.
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Figure 5.63: Vibration spectrum in the reverse mode during 4.5 million cycles 
of testing.

5.3 Acoustic Noise of the Motor

The acoustic noise characteristics of the dc motors were investigated using the equip 

ment and methodology described in section 4.4. The investigation covered both, the 

influence of the motor design and the difference between used and new motors of 

the same design.

5.3.1 Acoustic noise characteristics of different motor designs

As a result of the initial investigation into the different motor designs it was noted 

that different gear design may result in different acoustic noise emissions (sec 

tion 3.4.1). Investigations into the acoustic noise levels of different motor designs 

and their load dependency were conducted. It has to be noted that all the acous 

tic measurements were conducted in the forward operational mode since this is the 

mode in which the motor is used in the paper trays of a 5047 copying machine. 

Figures 5.64 to 5.67 show the mean sound pressure levels (SPLs) of the different
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motor designs. Figures 5.68 to 5.71 show the frequency spectra of the acoustic noise 

emitted by the investigated motor designs. The spectra were calculated using the 

DFT averaging method to obtain a representative frequency spectrum for each mo 

tor model (section 5.1.3). Each acoustic motor signal is an average of three spectra, 

which in turn were averaged using the spectra from all motors of the same type. 

Table 5.9 relates figures 5.64 to 5.71. to the gear design. An illustration of the 

gear arrangement, including the position of gear G3 and gear G4 in the gearbox was 

shown in figure 3.3 of section 3.4.1.

Figure no.
5.64 / 5.68
5.65 / 5.69
5.66 / 5.70
5.67 / 5.71

Motor type
61.46.16
61.46.20
61.46.020
61.46.020

Motor condition
used
used
new
used

Sample size
19
18
4
2

G3
steel, spur
nylon, helical
nylon, helical
nylon, helical

G4
steel, spur
brass, helical
brass, helical
brass, helical

Table 5.9: Gearbox configurations in different designs.
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Figure 5.64: Mean SPL for used motors of type 61.46.16. Results were obtained 
from 19 tested motors and averaged.
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Figure 5.65: Mean SPL for used motors of type 61.46.20. Results were obtained 
from 18 tested motors and averaged.
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Figure 5.66: Mean SPL for new motors of type 61.046.020. Results were ob 
tained from 4 tested motors and averaged.
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Figure 5.67: Mean SPL for used motors of type 61.046.020. Results were ob 
tained from 2 tested motors and averaged.

The investigations showed that the motor's sound pressure level and therefore, 

its acoustic noise level is torque dependent. All figures show that the SPLs are 

lower at maximum torque than with lower loads. The SPLs for the 61.46.16 and 

61.46.20 motors show a maximum in the region around 0.4 Nm to 0.5 Nm. Even 

the 61.046.020 helical gear motors show a maximum, but it is shifted to the region 

of 0.3 Nm to 0.4 Nm. It can be clearly seen that the change of the gear design and 

materials have decreased the maximum SPL significantly. The SPL is approximately 

4 dB lower for the helical gear design of the 61.46.20 motors compared to the 61.46.16 

motors. An increase in the acoustic noise level in the mid torque range of the motor 

may have a disturbing effect for the user during the usage of a photocopy machine. 

Table 3.4 has shown that the torque in the heavily used A4 paper tray of the 5047 

copying machine is 0.427 Nm. This means that the motor is operated at the peak 

of its acoustic noise characteristic which indicates a weakness in the product design, 

since a quiet product is desirable to achieve a high level of customer satisfaction.
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A relationship between acoustic noise and motor usage could only be observed 

in a small number of type 61.046.020 motors, since more samples could not be 

provided by Xerox. Since it is the latest motor design only few motors of this type 

have been used in products until now. The characteristics of the two groups are 

presented in figure 5.66 and 5.67. It can be seen that the average SPL level of the 

used motors is greater by 1.5 dB than that of the new motors. The figures also show 

that the noise maximum around 0.4 Nm is not very pronounced for the used motors.

Figures 5.68 to 5.71 show the acoustic spectra in different operational modes 

and gearbox designs. All spectra were produced without motor load. Figure 5.70 

and 5.71 show that the main difference between a used and a new 61.046.020 motor 

becomes apparent in the frequency region of 3 kHz and 5 kHz.

61.46.16 - Motors

20OO 4OOO 60OO 8OOO 
Frequency (Hz)

10000 12000

Figure 5.68: Frequency spectrum for used motors of type 61.46.16. Results were 
obtained from 19 tested motors and averaged.
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Figure 5.69: Frequency spectrum for used motors of type 61.46.20. Results were 
obtained from 18 tested motors and averaged.

New 61.46.O20 - Motors
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Figure 5.70: Frequency spectrum for new motors of type 61.046.020. Results 
were obtained from 4 tested motors and averaged.
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Used 61.46.020 - Motors
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Figure 5.71: Frequency spectrum for used motors of type 61.46.020. Results 
were obtained from 2 tested motors and averaged.

5.3.2 Influence of lubrication on acoustic noise

In order to determine if gear and bearing lubrication influences the noise level, an 

experiment was conducted. The noise signals of a motor design with spur gears and 

helical gears were measured with different degrees of lubrication in changing load 

steps. The experiments were conducted in the forward mode as follows:

• Measurements of the acoustic motor noise with original lubrication.

• Measurements without lubrication on the output shaft bearing1 .

• Measurements without lubrication on all gears.

The results of the experiments can be seen in figure 5.72 and 5.73. The graphs

show that the lubrication of the output shaft bearing did not affect the noise level

of the motors significantly. This is due to the brass material used which provides

a sliding surface for the stainless steel shaft even without lubrication. A change in

lrThe lubrication was removed by means of methylated spirit.
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the noise level occurs when the shaft is exposed to high side loading. On the other 

hand, the lubrication of the gears had a significant influence on the acoustic noise 

level of the motor.

42
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38

T36

34

32

3O

Gearbox with original lubrication
Output shaft bearing without lubrication
Gearbox and output shaft bearing without lubrication

0.1 0.2 0.3 0.4 
Torque (Mm)

O.5 0.6 O.7

Figure 5.72: Helical gear motor noise with different lubrication levels.
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Figure 5.73: Spur gear motor noise with different lubrication levels.

The experiments showed that a change in the lubrication level of the motor due 

to usage increases the acoustic SPL. It can be seen that the lubrication condition
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of the gears influences the SPL parameters more than the output shaft bearings. 

However, the overall increase of a gearbox and bearing without lubrication, in case 

of the helical gear design, is less then 2.3 dB (at 0.3 Nm) and may not be noticeable 

in an application.

5.4 Summary

This chapter has presented the processing methods which were applied to the signals 

of the motor parameters that were collected during the accelerated life test experi 

ments of this study. The TFE was thoroughly investigated and was shown to have 

excellent data reduction and feature extraction capabilities in comparison to other 

processing methods. The WTFE was introduced as an approach for extracting local 

features in time varying signals. The investigation into the TFE characteristics and 

performance has not been reported in the literature before.

The results from the eight tested motors have indicated that the vibration, resist 

ance and time-to-speed parameters showed little variation with motor usage during 

4.5 million cycles of testing. Different processing methods did not allow the ex 

traction of significant wear related features from these parameters. The current in 

contrast, showed a significant change in the first 1.5 million cycles of the motor's 

operation. This change was observed in different operational modes and with dif 

ferent processing methods.

Changes in the current signal in the following 3 million cycles were not very prom 

inent when the results were inspected visually.

It can be assumed that the eight tested motors represented the selected motor
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type well. The 95% confidence interval showed a close fit for most of the paramet 

ers. Initial variations of parameters were expected in a low cost product such as 

this motor due to production tolerances. However, they did not cause a significant 

spread in the analysis of the test data.

The key findings of the accelerated life test can be summarised as follows:

• The parameter changes with life were very similar for all tested motors.

• The motor current waveforms showed a clear trend for the first 1.5 million 

cycles using different processing methods. This trend did not continue for the 

following 3 million cycles.

The accelerated life test has demonstrated that certain parameters can be used 

to identify the wear of the motor under test and its usage level using non-destructive 

test methods. Motor usage level estimation should use appropriate parameters that 

can deliver reliable results. This is only possible with parameters that change with 

motor usage.

The investigation into the acoustic noise of the motor showed that the change 

from steel spur gears to helical nylon gears has decreased the noise level significantly. 

A comparison between a set of new and used motors of the same design showed that 

the noise level increases with usage level even though this may not be noticeable in 

an application. The observation that the acoustic noise level is higher with no torque 

than with maximum torque was also confirmed by the RMS vibration level of the 

accelerated life test. The new gearbox design resulted in less noise than the previous 

design, but both designs showed noise level maxima at the main operational torque 

region of the 5047 photo copying machine.
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Chapter 6

Motor Usage Level Estimation

Chapter 1 has identified the main problem in the asset recovery process as that of 

estimating the level of usage of the dc motor under investigation. Chapter 3 has 

described a number of physical parameters that may be used as indicators of wear 

and level of usage of the motors. This chapter has also explained that the mathem 

atical relationships between any of these parameters and the degree of wear or level 

of usage are unknown. In such cases, artificial neural networks (ANNs) present an 

optimum solution to relate two sets of parameters of unknown mathematical rela 

tionships.

Ideally, a solution to the problem of estimating the level of usage of a motor 

should yield precise figures for the number of run cycles. However, such an estim 

ation system, even when based on ANNs, would require a very large number of 

samples and lengthy tests to establish the relationships between the wear indicators 

and the usage level. For ANNs, this will require a high complexity network with 

a very large number of training and validation vectors. It is not certain that such 

ANNs would converge into a valid solution.
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However, the asset recovery process does not require such high precision in es 

timating the level of usage of a motor. It is sufficient to estimate the level of usage 

in discrete classes. The width of each class can be selected depending on the desired 

accuracy. For example, if the class width is 100.000 motor cycles and the experi 

mental tests have exercised the motors for up to 0.9 million cycles, the available o 

classes are listed in table 6.1.

Using classes will enable the ANN to solve a classification problem instead of 

emulating a continuous mathematical function. ANNs are very efficient and have 

been more successful in resolving classification problems.

The complexity of the ANN and its performance is dependent on the number of 

classes. As a result, there is a compromise between the accuracy of estimating the 

level of motor usage and the complexity of the ANN.

This chapter describes the process of usage level estimation for the investigated 

type of dc motor. It shows that classification of motor wear parameters allows the 

estimation of the motor's usage level. This classification is achieved using recorded 

and processed signals from the accelerated life tests experiments. Different training 

sets and ANN paradigms were investigated to allow a usage related classification.

Class
1
2

*

5

Number of cycles
0 - 100,000

200,000 - 300,000
|

800,000 - 900,000

Table 6.1: Example of level of usage classes.
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The chapter describes the configuration, training and evaluation methods for ANNs 

(section 6.1).

It is important for the estimation process to find features that can be utilised 

to detect usage related changes in the recorded test signals in order to enable an 

accurate usage level estimation of the motors. Initial results of the ANN training 

and classification process investigated different operational modes and their effect 

on the classification process (section 6.2).

The classification results obtained with the TFE vectors of the current signals 

were compared with those obtained from the current spectra (section 6.3).

The literature review has shown that ANNs have in the past, been successfully 

used to classify data that combine different parameters. This data fusion capability 

has been used to optimise the initial classification (section 6.4).

Classification of a sample of used motors with unknown history using trained 

ANNs was conducted to evaluate the performance of the developed ANNs (sec 

tion 6.5).

The last section of this chapter summarises the design of the classifiers for motor 

usage level estimation of a number of used motors (section 6.6).
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6.1 ANN Training and Evaluation

The estimation of the motor's usage level is based on the measurements of the 

accelerated life test experiments. In order to classify these parameters and relate 

them to the motor usage level, the artificial neural network (ANN) approach is used. 

Since standard ANN architectures are appropriate for the classification and existing 

software packages can be used, the focus of this study was on the optimisation of 

the classification process.

6.1.1 Choice of ANN paradigm

The literature review has shown that back-propagation (BP) ANNs were success 

fully used in condition monitoring applications (section 2.3.2). Using BP ANNs to 

solve classification problems may lead to irregular boundaries due to the distrib 

uted nature of the network and its transfer function. This is the case if some of 

the decision regions are bounded. Learning vector quantisation (LVQ) ANNs in 

contrast allows the network to learn bounded decision regions more readily [92]. In 

the following section both of these supervised ANN paradigms are investigated and 

the results of applying them are compared. Supervised ANNs are used because the 

desired classification outputs, which are related to the motor's usage, are known for 

both the training and the validation sets from the accelerated life test experiments. 

Both network types were exposed to all training sets in order to determine the most 

suitable network paradigm.
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6.1.2 NeuralWorks

The ANN software development system NeuralWorks Professional II l was used 

for ANN training and testing in this study. NeuralWorks allows the generation of 

over two dozen network types such as LVQs, BPs and self organising maps. The 

performance of the networks generated can be monitored during the learning process. 

Different optimisation paths and a choice of learning rules offer high flexibility. 

Another advantage is the automatic generation of a program code for trained ANNs, 

which in the case of feedforward networks such as LVQ or BP, can be exported as 

ANSI C program segment. This allows for faster implementation of the fully trained 

network in a DLL file (section 4.3.4) and enables its integration into the Lab View 

user interface.

Configuration of NeuralWorks for this study

NeuralWorks offers a wide range of possible configurations for ANN design. Exper 

iments with different configurations were conducted, and the most suitable config 

uration parameter values for this study were found empirically. The configuration 

parameters for BP and LVQ architecture ANNs, if not mentioned otherwise, were 

as follows:

• Momentum: a momentum of 0.8 has shown the best test results.

• Learning rule: the most frequently used BP learning rule, the Delta-rule (equa 

tion 2.17), has been found to be the most appropriate.

• Transfer function: the standard BP transfer function, the Sigmoid function 

(equation 2.15), has been chosen.

Neural Ware Inc. Pittsburgh, U.S.A, Version 2.504 for MS-DOS.
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• Normalisation: the data presented to the ANNs were scaled between 0 and 1.

In order to avoid over-training of the ANNs, the network weights that gave the 

best correct classification result were saved automatically. This ensures that the 

ANN does not loose its generalisation ability due to over exposure to the training 

set.

6.1.3 ANN accuracy

For every classifier the question of its accuracy is of great importance. Therefore, it 

is essential to have a measure of how much a classifier is better than random guessing 

and to compare different classifiers of similar structure. The non-linear structure of 

an ANN does not allow for statistical evaluation, such as the calculation of confidence 

intervals, easily.

Validation set

A standard method to evaluate the performance of ANN classifiers is to divide the 

data into two sets. The first is the training set used for computing the gradient, and 

updating the network weights and biases. The second is the validation set which is 

used to compare the classifier output with the expected output [92]. Normally half 

the data set is used for training and the other half for validation. This method is 

suitable for supervised ANN structures where the desired ANN results are known.

In this study both, the validation and the test set comprised 50% of the overall 

data. The classification results in this study were tabulated in a classification matrix 

as shown in the example of table 6.2. The table has a size of n x n where, n, is 

the number of ANN outputs. The columns of the matrix show the actual outputs



6. Motor Usage Level Estimation 169

of the ANN. The rows show the desired outputs of the ANN. The entries in the 

3x3 matrix list the percentage of vectors classified. It can be seen that in the class 

0-0.495 million cycles and 1.005-1.5 million cycles, the ANN output is equivalent 

to the desired output and 100% of the test vectors were classified correctly. In the 

class 0.51-0.99 million cycles only 80% of the input vectors were classified correctly. 

The remaining 20% of the input vectors were wrongly classified as belonging to the 

classes 0-0.495 million cycles (5%) and 1.005-1.5 million cycles (15%). The overall 

percentage of correct classifications is therefore, 93.33%. This is calculated by aver 

aging the diagonal entries of the matrix.

ANN Classes 
(W6 cycles)

0-0.495
0.51-0.99

1.005-1.5

Vector classification (%)

0-0.495
100

0
0

0.51-0.99
5

80
15

1.005-1.5
0
0

100

Table 6.2: Example of classification matrix with an overall 93.99% correct clas 
sification of the test vectors.

Receiver operating characteristics

Receiver operating characteristic (ROC) analysis is a procedure, derived from stat 

istical decision theory and can be used to assess the performance of ANNs [123,124].

The standard method of generating a ROC curve is to vary the threshold in 

the output layer of the ANN. The threshold is varied in discrete steps from 0 to 

1. Output nodes which generate values greater than the actual threshold value are 

classified as 1, otherwise they are classified as 0. The next step is to calculate the
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sensitivity and specifity of the classification result. They are defined as follows [125],

Results which are both real positive and test positivesensitivity = ——————————————————-——————————£.———— (6.1)
Results which are real positive

specificity = Results which are both real negative and test negative 
Results which are real negative

(6.2)

The ROC curve is then generated by plotting the true positive rate (sensitivity) 

against the false positive rate (1 — specificity). An example of ROC curves is shown 

in figure 6.1.

Performance of 
Random Guessing

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
False Positive Rate (1.0-Specificity)

Figure 6.1: Examples of ROC curves.

A different method of generating ROC curves has been suggested by Woods [126]. 

Instead of varying the threshold value for the output layer he varied the bias of the 

first hidden layer. This method is more time consuming than the standard method 

and offers significantly better ROC curves for only 40% to 50% of the cases.
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Since the output of LVQ network is either 1 or 0 and not a real number as for BP 

ANNs, ROC curves cannot be computed for LVQ networks. Therefore, a variation 

of the threshold value will not change the result. Specificity and sensitivity values, 

however, can be calculated for the trained LVQ network.

6.2 Initial Classification

The aim is to enable a classification with maximum resolution for the motor usage 

level. Initial tests using the accelerated life test data were carried out in order to 

estimate the maximum possible resolution for the motor usage estimation.

To achieve the maximum possible resolution different ANNs were trained. These 

ANNs had different architectures and parameters. This resulted in the selection of 

two different ANN architectures which were examined further in order to identify 

the most appropriate architecture for the motor usage level application.

6.2.1 Initial motor usage estimation

The mean TFE vectors (section 5.1.2) were used to estimate the resolution of the 

classification process. The initial ANN was trained to discriminate between two 

classes of motor usage levels.

The TFE vector of the reverse current with a length of 200 points was used to 

train the initial ANN. The aim is to classify a set of motors that have already been 

used in one or more products (table 5.9). The classifier was trained to discriminate 

between the first 1.5 million cycles of usage as one class and 1.515 to 4.5 million 

cycles of usage as another class. The BP ANN trained extremely well and the test
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set was classified with an accuracy of 100%.

The result of this classification is that all of these motors were classified as being 

in the first class (0-1.5 million cycles). This means that the focus in the motor 

classification process should be on the first 1.5 million motor cycles.

6.2.2 Classification resolution for the first 1.5 million cycles

The current feature vectors obtained from the TFE were used to investigate the 

relationship between resolution and accuracy of classification. The first 1.5 million 

cycles were divided into equally sized classes. The results of this investigation have 

helped to improve the classifier design. The following constraints had to be met:

• The resolution should be high.

• The classification should be accurate.

• False classifications should not result in classifying the vector in a class of a 

lesser usage level.

Two classes The initial network was trained to separate the motor usage level 

into two classes (0-0.75 million and 0.765-1.5 million cycles). The training TFE 

vector derived from the reverse current had a length of 200 points. The best BP 

network consisted of one hidden layer with 40 neurons. It achieved an overall correct 

classification rate of 86.05% with the validation set. The best LVQ network consisted 

of 40 hidden layer neurons. It achieved an overall classification rate of 84.55% with 

the validation set.
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The classification matrix of the two networks are shown in tables 6.3 and 6.4.

Classes 
(W6 cycles)

0-0.75
0.765-1.5

Classification (%)

0-0.75
75.5
24.3

0.765-1.5
3.4

96.6

Classes 
(W6 cycles)

0-0.75
0.765-1.5

Classification (%)

0-0.75
73.5
26.5

0.765-1.5
4.4

95.6

Table 6.3: BP classification result 
with two classes.

Table 6.4: LVQ classification result 
with two classes.

It is obvious that the BP network performed slightly better than the LVQ net 

work. Both networks achieved a high correct classification rate of over 94% with the 

training set.

Three classes Using the same feature vector and ANN structures as before, the 

first 1.5 million cycles were divided into three classes of 500,000 cycles each. The 

best results were achieved with one hidden layer of 40 neurons. The best performing 

LVQ network achieved an overall classification rate of the test set of 71.17%. The 

best BP network achieved an overall correct classification rate of 72.8%. The clas 

sification matrix of the two networks can be seen in tables 6.5 and 6.6.

Classes 
(W6 cycles)

0-0.495
0.51-0.99

1.005-1.5

Classification (%)

0-0.495
75
25
0

0.51-0.99
0

76.5
23.5

1.005-1.5
0

33
66.9

Table 6.5: BP classification result with three classes.

The tables show that the overall accuracy has decreased in comparison with the 

classification into two classes. Although the BP network shows the best correct
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Classes 
(W6 cycles)

0-0.495
0.51-0.99

1.005-1.5

Classification (%)

0-0.495
81.1
17.4
1.5

0.51-0.99
5.9

55.2
39

1.005-1.5
0.7

22.1
77.2

Table 6.6: LVQ classification result with three classes.

classification rate, the LVQ network result is more favourable. It is an important 

requirement that a motor should not be wrongly classified into a lesser usage class. 

It can be seen that the average misclassification in the lesser usage class (Eiess ) is 

9.57% for the LVQ network and 11% for the BP network. However, the difference 

is marginal. Classification into a lesser usage class may result in an unsafe decision 

being made during the asset recovery screening process.

Four classes Networks that can discriminate between four classes were trained 

using a feature vectors which are 100 points long. Tests have shown that the length 

of the feature vector can be reduced without losing classification performance. These 

vectors were derived from the original 200 points feature vector by selecting every 

second point. In general, reducing the length of the feature vector, x can be accom 

plished by sub-sampling it by an integer factor, M , to produce an output vector,- 

Xdi according to equation 6.3.

, Af = 1,2,3... (6.3)

Figure 6.2 shows the graphical representation of equation 6.3 [59].

The analysis results were compared to decide which operational mode vectors 

are the most suitable for further optimisation of the classification process. Three 

different ANNs were trained using TFE vectors derived from the current waveforms
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Sub-sampling 
by factor M

Sampling 
period T

= x(nM)

Sampling 
period MT

Figure 6.2: Sub-sampling of the feature vector.

of all three operational modes that were used in the accelerated life test experiments. 

All three ANNs were trained using the same network parameters. The number 

of hidden neurons were individually optimised for each ANN. Several ANNs were 

trained and the most favourable was chosen for comparison. In all cases the BP 

ANNs performed better than the LVQ ANNs. The correct classification rates were 

in the region of 57-68%. The results are shown in tables 6.7 to 6.9.

Classes 
(W6 cycles)

0-0.375
0.39-0.75

0.765-1.125
1.14-1.5

Classification (%)

0-0.375
66
17
2
15

0.39-0.75
3.8

66.4
20.2
9.6

0.765-1.125
0
18
31
51

1.14-1.5
0
13
21
66

Table 6.7: BP classification results of the feature vectors for the fully loaded 
motors operating in the forward mode with four classes for the motor 
usage level.
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Classes 
flO6 cycles)

0-0.375
0.39-0.75

0.765-1.125
1.14-1.5

Classification (%)

0-0.375
83
7
4
6

0.39-0.75
6.7

28.9
45.2
19.2

0.765-1.125
0
5

75
20

1.14-1.5
0
4

40
56

Table 6.8: BP classification results of the feature vectors for the unloaded motors 
operating in the forward mode with four classes for the motor usage 
level.

Classes 
(W6 cycles)

0-0.375
0.39-0.75

0.765-1.125
1.14-1.5

Classification (%)

0-0.375
88
9
1
2

0.39-0.75
5.8
51

38.5
4.8

0.765-1.125
0
3

66
31

1.14-1.5
0
4

30
66

Table 6.9: BP classification results of the feature vectors for the motors operating 
in the reverse mode with four classes for the motor usage level.
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A summary of the classification resulted is presented in table 6.10. The table 

shows that the reverse mode feature vector has produced the best result. The cor 

rect classification rate is 7.02% better than in forward mode without load and the 

average misclassifications in a lesser usage class (Eieis errors) were 3.23% less. Signi 

ficant differences in specificity for the three types of vectors were not apparent. The 

sensitivity for the reverse current feature vector in contrast was the highest observed 

in this investigation.

Figure 6.3 shows the ROC curves of the classifiers operating on the vectors from 

the three motor operational modes. It can be seen that all three operational modes 

produce curves that are significantly better than random guessing. The area below 

the ROC curve produced using the reverse current feature is larger than these for 

the other two curves which indicates that the reverse mode feature vector produced 

the best classification result.

The initial classification tests have shown that the correct classification rate 

decreases with an increase in the number of classes. Figure 6.4 shows the ROC 

curves of the validation data for different number of ANN classes. It can be seen 

that the area under the curves decreases with an increasing number of classes. With 

increasing numbers of classes the available number of training vectors per class

Operation mode

Forward with load
Forward without load
Reverse without load

Correct classi 
fication rate (%)

57.35
60.73
67.75

Eless 

(%)

13.95
13.93
10.7

Sensitivity
(%)

62.13
74.26
77.97

Specificity
(%)

91.67
93.32
93.32

Table 6.10: Summary of the ANN classification result for current feature vectors 
of different motor operational modes.
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Reverse
Forward with Load 
Forward without Load 
Random Guessing

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 
False Positive Rale (1.0 - Specificity)

Figure 6.3: Training set ROC curves for the current TFE vectors obtained from 
the three motor operation modes. These curves are related to the 
four class ANNs.
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decreases. This phenomenon decreases the generalisation ability of the ANN and 

worsens the classification rate.

——— Two Classes 
Three Classes

•-•-•- Four Classes
- - - Random Guessing

0.1 0.2 0.3 0.4 0.5 0.6 0.7 
False Positive Rate (1.0-Specificity)

0.8 0.9

Figure 6.4: ROC curves for different numbers of ANN classes.

The classification results of the sample of used motor test vectors are summar 

ised in table 6.11. These motors were provided by the Asset Recovery Department 

of Xerox Mitcheldean. They were used in one or more products, but their history is 

unknown. The 4 class ANN, which was trained on the data of the accelerated life 

test experiments was used to classify these motors. Table 6.12 shows the distribution 

of the used motors according to the design version. These results were confirmed by 

using ANNs trained on feature vectors in the two forward modes.
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Cycles flO6 cycles)
0-0.375

0.39-0.75
0.765-1.125

1.14-1.5

Classification result (%)
93.75
2.08
2.08
2.08

Table 6.11: BP classification of the sample of used motors.

Motor type
61.46.16
61.46.20
1.61.046.020
61.46.025
Motors from life test

Cycles (I0e cycles)
0-0.375

94.7
94.4
100
100

0

0.39-0.75
0

5.6
0
0
0

0.765-1.125
5.3

0
0
0
0

1.14-1.5
0
0
0
0

100

Table 6.12: Classification of the used motors sample by different motor designs.

As a result of the initial classification experiments the reverse current TFE vector 

was selected for further investigations. Additional parameters were also considered 

to increase the correct classification rate. A maximum separation of the first 1.5 

million cycles into four classes appears to be achievable if additional parameters 

lead to an increase in correct classifications. Tables 6.5 and 6.9 suggest that it is 

difficult for the ANN to separate between classes after the first 0.99 million cycles. 

Ideally the ANN should be able to separate classes that overlap. This is due to slight 

differences in wear patterns and wear speed. Since the signals have been sampled 

with an accuracy of 15,000 cycles it is likely that the TFE vector of the class 0.39- 

0.75 million cycles could also be classified within the class 0.765-1.125 million cycles 

of motor usage. This can easily be caused by a variation of 15,000 cycles of usage 

in the wear characteristic.
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6.3 Comparison of TFE Vector and Frequency 

Spectrum Training Sets

A number of researchers have used frequency domain parameters as a classifier in 

put, such as Altawil and Rodd [55]. They used the ac motor current harmonics as 

inputs to a BP ANN for classification with a reported 95% correct classifications.

The use of the current spectrum was also investigated in this study. The ANN 

training and test sets consisted of the reverse current spectra. These spectra were 

used as feature vectors and were divided into four classes as in section 6.2.2. The 

test and training vectors consisted of 270 points covering a frequency range from 

0 to 18 kHz with a resolution of 66.6 Hz. The optimal number of neurons in the 

hidden layer was found to be 15. The results of the investigation into the classific 

ation ability of ANNs trained on frequency spectra of the reverse mode current are 

summarised in table 6.13.

The overall correct classification rate is 55.3%. The Efess error is 15.25%. In 

comparison with the results of the reverse current feature vector of table 6.10, the use 

of the current spectrum reduced the correct classifications by 12.45% and increased

Classes 
(W6 cycles)

0-0.375
0.39-0.75

0.765-1.125
1.14-1.5

Classification (%)

0-0.375
77
23
0
0

0.39-0.75
1

44.2
46.2
8.67

0.765-1.125
0
5

55
40

1.14-1.5
0
0

55
45

Table 6.13: BP classification results using the frequency spectrum.
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the misclassifications in a lesser usage class (Eiess error) by 4.55%. It should be noted 

that with both methods the classification results were obtained with the parameter 

settings listed in section 6.1.2. The results showed that the TFE vector is suitable 

as a classification input. The ROC curves of the classifiers of both methods can be 

seen in figure 6.5. It is obvious that the performance of the spectrum classifier is 

worse than the TFE vector classifier.

0.9 -

0.8 -

0.7

0-6

0)

I 0.5
0)

1 0.4
CD

0.3 V

0.2

0.1

i—————i—————i—————i—————i—————i—————i—————r

Specturm 
Feature Vector 
Random Guessing

I————————L

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positive Rate (1.0-Specificity)

Figure 6.5: ROC curves using the spectrum and the TFE vectors for classifica 
tion.

The comparison has shown that the current TFE vectors produced significantly 

better results than the current frequency spectra. Based on these findings the clas 

sification method was optimised using the current TFE vector.
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6.4 ANN Optimisation

The previous section has established that the TFE vectors of the reverse motor 

current produced the best classification results. This section describes the invest 

igations that were conducted to improve the results of the reverse current ANNs 

and optimise their performance. Two areas of investigation were considered. The 

first was to utilise additional parameters to enhance the performance of the reverse 

current ANN (section 6.4.1). The second area covered the utilisation of multiple 

ANNs (section 6.4.2).

6.4.1 Use of additional parameters

The accelerated life test showed that not only the TFE vector changes with motor 

usage other parameters also change such as the pure variation of the current. These 

parameters can be used in addition to the existing TFE vector to improve the clas 

sification results.

For the optimisation of the classifier, the feature vector can be sub-sampled. 

Experiments showed that sub-sampling by a factor of 2 for the 100 point original 

feature vector yields the best results. In addition to the 50 points long feature vector 

the coefficient of current variation, in the reverse mode, was also used. The first 

50 points of the training and test vectors consisted of the TFE vector and the 51st 

point was the value of the coefficient of variation, both related to the reverse mode 

current. The ability to fuse data of different parameters is one of the advantages of 

using ANNs.

Table 6.14 shows the results of this investigation. The motor usage classes of
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Classes 
(W6 cycles)

0-0.375
0.39-0.75

0.765-1.125
1.14-1.5

Classification (%)

0-0.375
93
7
0
0

0.39-0.75
0.9

80.8
16.4
1.9

0.765-1.125
1
7

55
37

1.14-1.5
0
4
15
81

Table 6.14: BP classification result using a composite reverse current vector con 
sisting of the TFE vector and the coefficient of variation.

the ANN are identical to the ones that were shown in table 6.9. Table 6.14 was 

produced using a BP network with a single hidden layer consisting of eight neurons. 

By changing the training vector the correct classification rate was improved by 

9.65% from 67.75% to 77.4%. The ~E Ŝ error was decreased from 10.7% to 6.2%, 

which represents an improvement of 4.5%. This clearly demonstrates the benefits of 

using additional parameters. An additional effect may also be that the reduction of 

the training and test vector lengths. This has enabled the use of fewer neurons in 

the hidden layer which resulted in a simpler ANN structure and lesser connections. 

Due to this simplification the network has improved its generalisation ability and 

produced better classification results.

6.4.2 Multiple ANNs

Splitting the data into five classes for the first 1.5 million cycles showed an overall 

correct classification of 66.9%. This result was achieved using the same training 

set that was used to produce table 6.14. The classes used were 0-0.3, 0.315-0.45, 

0.465-0.75, 0.765-1.05 and 1.065-1.5 million cycles. One of the problems in this con 

figuration was that in the class of 0.765-1.05 million cycles, the correct classification 

rate was only 30%. The overall £^J error was 15%. This experiment showed that
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in this particular application four classes were the limit when using a single ANN. 

Increasing the number of classes for higher resolution did not produce improved 

results. A class with a correct classification rate of 30% is useless for test purposes. 

It was therefore, necessary to investigate an alternative approach to increase the 

classification resolution.

Multiple ANNs and 8 classes

Improving the classification resolution requires an increase in the number of classes. 

To increase the number of classes without compromising the performance of the

ANN, the use of multiple ANNs was investigated.

These ANNs were used in a hierarchical arrangement. The rationale behind this 

approach is that each ANN requires to classify the TFE vectors into fewer classes 

than when a single ANN is used. Therefore, the performance of the individual ANNs 

would be improved and their complexity reduced. In addition, the overall resolution 

of the classification system would increase as a result of increasing the number of 

classes.

In the first investigation, 8 classes were used. The structure of the ANNs is 

shown in figure 6.6. The training and test vectors used with these ANNs were the 

same as those used to produce the results of table 6.14.

The first layer of the ANNs hierarchy consisted of a single ANN. This first ANN 

consisted of a single hidden layer with 21 neurons and 2 output neurons. The ANN 

classifies the feature vector into two motor usage classes (0-1.5 million cycles and 

over 1.5 million cycles).



6. Motor Usage Level Estimation_________________________186

The TFE vectors that were classified by the first ANN as belonging to the first 

class (0-1.5 million cycles) were then presented to the second ANN. This ANN had a 

single hidden layer with 14 neurons and 4 output neurons. The second ANN classifies 

the feature vectors into four classes (0-0.375, 0.390-0.75, 0.765-1.125, 1.14-1.5 million 

cycles). The vectors in each of these classes were then presented to a separate ANN 

in the next hierarchy layer. Each ANN in the third layer had a single hidden layer 

with 8 neurons and two output neurons. These ANNs classified the feature vectors 

presented to them into two classes as illustrated in figure 6.6. Therefore, the overall 

result of the classification process using the five ANNs was to classify the feature 

vectors into eight classes.

Input Vector

v
ANN1 0- 1.5 million 1.515 -4,5 million

ANN 2 0 - 0.375 |o.39--0.75 10.765 -1.1251 1.14-1.5 |

\
| 0-0.18 10.195-0.375] | 0.39-0,555 | 0.57-0.75| |o,765-1.005 | 1,02-1.125 | | 1,14-1.32 | 1.335-lli|

ANN 3 ANN 4 ANN 5 ANN 6 

Figure 6.6: Classification using multiple ANNs in a hierarchical arrangement.

The classification results of the ANNs in the third layer of figure 6.6 (ANNs 3 to 

6) are listed in tables 6.15 to 6.18.

Table 6.19 summarises the overall classification results of the ANN hierarchy. It 

can be seen that the use of multiple ANNs has increased the resolution significantly. 

The class of 1.14-1.5 million cycles showed a poor classification result. This was due 

to the inherent trends of the input parameters of the feature vector. It was shown
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Classes 
(W6 cycles)

0-0.18
0.195-0.375

Classification (%)

0-0.18
96.2
3.8

0.195-0.375
25
75

Classes 
f 106 cycles)
0.39-0.555
0.57-0.75

Classification (%)

0.39-0.555
72.9
27.1

0.57-0.75
30.8
69.2

Table 6.15: Results of ANN 3. Table 6.16: Results of ANN 4.

Classes 
(IQ6 cycles)
0.765-1.005

1.02-1.125

Classification (%)

0.765-1.005
85.3
14.7

1.02-1.125
37.5
62.5

Classes 
(W6 cycles)
1.14-1.32

1.335-1.5

Classification (%)

1.14-1.32
57.7
42.3

1.335-1.5
43.7
56.3

Table 6.17: Results of ANN 5. Table 6.18: Results of ANN 6.

in chapter 5 that the amount of change in most of the parameters diminished after 

1.2 million cycles of motor usage.

Classes 
flO6 cycles)

0-0.375
0.39-0.75

0.765-1.125
1.14-1.5
Average

Classification 
rate (%)

85.6
71.1
73.9
57.0
71.9

Eless

(%)

12.5
15.4
18.8
21.9
17.15

Table 6.19: Overall classification results of the ANN hierarchy of figure 6.6.

Multiple ANNs 7 classes

Enhancement of the classification for the first 1.5 million cycles by splitting it into 

eight sub-classes has shown that a compromise should be found between resolu 

tion and classification accuracy. A different division of the sub-classes and ANN 

structures were investigated to optimise performance. It should be noted that the 

training and test vectors in both investigations were identical. The new ANNs struc-
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ture can be seen in figure 6.7. The classification results of the different ANNs in the 

hierarchy are shown in tables 6.20 to 6.23. Table 6.24 summarises the overall results.

Input Vector

ANN 1 0- 1 .5 million 1.515 -4. 5 million

ANN 2 0-0.495 0.51-0.99

f

1.005-1.5

I 0-0.165 | 0.18-0.33 | 0.345-0.4951 | 0.51-0.735 | 0.75-0.99| | 1.005-1.245 | 1.26-1.s|

ANN 3 ANN 4 ANN 5 

Figure 6.7: Classification using multiple ANNs with 7 output classes.

Classes 
(106 cycles)

0-0.495
0.51-0.99

1.005-1.5

Classification (%)

0-0.495
89
11
0

0.51-0.99
9.1

76.5
14.4

1.005-1.5
1.4
16.2
82.4

Table 6.20: Results of ANN 2.

Comparing the results of table 6.24 with those in table 6.19 indicates that the

average classification rate has increased from 71.9% to 74.3% (+2.4%). The E\ESS 

error has decreased from 17.2% to 13.1% (-4.1%).

After considering the classification rates of the validation set, the third layer 

ANNs were analysed using the ROC analysis. The ROC curves are shown in fig 

ures 6.8 and 6.9. It can be seen from figures 6.8 and 6.9 that the classifier with
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Classes 
f 106 cycles)

0-0.165
0.18-0.33

0.345-0.495

Classification (%)

0-0.165
85.4
14.6

0

0.18-0.33
29.6
63.6
6.8

0.345-0.495
0

6.8
93.2

Table 6.21: Results of ANN 3.

Classes 
(IQ6 cycles)
0.51-0.735
0.75-0.99

Classification (%)

0.51-0.735
80
20

0.75-0.99
17.6
82.4

Table 6.22: Results of ANN 4.

Classes 
f 106 cycles)
1.005-1.245

1.26-1.5

Classification (%)

1.005-1.245
58.5
51.5

1.26-1.5
36.8
63.2

Table 6.23: Results of ANN 5.

Classes 
(IQ6 cycles)

0-0.495
0.51-0.99

1.005-1.5
Average

Classification 
rate (%)

80.7
81.2
61.0
74.3

EleS s 

(%)

12.1
8.8
18.4
13.1

Table 6.24: Overall classification results of the ANN hierarchy in figure 6.7.
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seven classes (figure 6.7) performed significantly better than the one with eight 

classes (figure 6.6). Figure 6.8 also shows that ANN 6 is very close to the random 

guessing curve. As mentioned previously LVQ ANN outputs cannot be displayed in 

a ROC curve and therefore, a circle shows the operating point for this particular 

ANN (ANN 5) in figure 6.9. A measure of classifier performance is the area under 

the ROC curve [124]. Due to the obvious difference in performance this is not ne 

cessary since it is possible to compare the classifiers visually using the ROC curves 

in the two figures.

In a single instance only the LVQ paradigm showed a better classification per 

formance than the BP paradigm. This suggests that the BP paradigm is better 

suited to deal with the data of this study.

0.9

ANNS 
ANN 4 
ANNS 
ANN 6 
Random Guessing

J_______I_______I———————I———————I———————I———————L.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
False Positve Rate (1.0-Specificity)

Figure 6.8: ROC curves of the ANNs in the third layer of the ANN classifier 
with 8 output classes (figure 6.6).
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0.3

0.2

0.1

ANN 3 
ANN 4 
ANNS 
Random Guessing

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positve Rate (1.0-Specificity)

Figure 6.9: ROC curves of the ANNs in the third layer of the ANN classifier 
with 7 output classes (figure 6.7).
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6.5 Classification of Used Motors

A sample of 48 used motors was provided by Xerox. These motors have been used 

in one or more products. However, their level of usage was unknown. This sample of 

used motors was used in this study to estimate their level of usage and to evaluate 

the performance of the trained ANNs.

The initial classification, as outlined in table 6.12 of section 6.2.2 has shown that 

93.75% of the used motors were classified with a usage level of less then 0.375 million 

cycles.

In this part of the study, classification was conducted using the two multiple 

ANNs classifiers described in section 6.4.2. The tests were conducted with the ac 

celerated life test equipment and the newly developed production test system, in 

order to guarantee that the tests using the production system were carried out un 

der identical conditions to those of the accelerated life test experiments. All motors 

were re-attached three times in order to test the repeatability of the results. The 

results were the same in all cases.

Motor type
61.46.16
61.46.20
1.61.046.020
61.46.025

Motor usage (million cycles)
0-0.18
68.4
100
100
100

0.195-0.375
21
0
0
0

0.57-0.75
5.3
0
0
0

1.335-1.5
5.3
0
0
0

Table 6.25: Classification of different motor designs using the ANN classifier 
with eight outputs (figure 6.6).

The results of these tests can be seen in table 6.25 and 6.26. The majority of used
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Motor type
61.46.16
61.46.20
1.61.046.020
61.46.025

Motor usage (million cycles)
0-0.165

89.4
100
100
100

0.51-0.735
5.3
0
0
0

0.75-0.99
5.3
0
0
0

1.26-1.5
0
0
0
0

Table 6.26: Classification of different motor designs using the ANN classifier 
with seven outputs (figure 6.7).

motors were classified as being in the first class (0-0.18 million cycles). Only the 

61.46.16 motors were classified differently. Motors of this type were used between 

the years 1987 to 1990 (table 3.1) and are therefore, the oldest motors in the test 

sample. The machines using this type of motor were manufactured between 1987 

and 1990. Therefore, it is likely that these motors have been used for a longer period 

of time than those in machines of a later design. This assumption correlates with 

the classification results.

6.6 Summary

This chapter has presented the ANN paradigms that were used to classify the res 

ults of the accelerated life test experiments for motor usage level estimation. The 

performance of different ANN structures was investigated thoroughly to arrive at an 

optimum architecture that can be used as part of an asset recovery motor screening 

system in a production environment.

The accuracy of the ANNs were investigated with the current TFE vectors ob 

tained from the three motor operational modes. The TFE vector results were com 

pared against the spectra of the current waveforms as ANN classifier inputs.
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The chapter has also presented the investigation into optimising the ANN clas 

sifiers. This included the use of composite input vectors as ANN inputs, different 

number of classes with single and hierarchical ANN structures.

A sample of used motors with unknown history supplied by Xerox were classified 

to assess their usage level and to test the robustness of the developed ANNs.

The key findings of this chapter can be summarised as follows: 

1. ANN paradigms and structures

(a) In general, all BP ANNs performed better than its LVQ counterparts. 

They produced better percentages of correct classification and smaller

values of Eiess .

(b) The accuracy of the single ANN classifiers decreased with increasing the 

number of classes.

(c) ANN classifiers consisting of a hierarchy of independent single ANNs with 

small number of outputs produced significantly better results than single 

ANN classifiers.

2. Classification data

(a) The TFE vectors calculated from the reverse motor current waveforms 

produced the best classification results in comparison with those gener 

ated from the current waveforms of the two forward motor operational 

modes. The reverse motor current is therefore, considered the most reli 

able parameter for estimating the motor usage level.
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(b) The motor current TFE vectors produced better classification results than 

the spectra of the same current waveforms.

(c) Using a composite vector consisting of the TFE vector and the coefficient 

of variation of the motor current waveform produced significantly better 

results than using the TFE vector alone.

3. The classification results of the motor parameters above 1.5 million cycles did 

not produce reliable results. The reason for this is that the characteristics 

of the current waveforms did not vary significantly and consistently after 1.5 

million cycles of motor usage. This is consistent with the findings of chapter 

5.

4. Most of the used motors in the sample supplied by Xerox were classified as 

having been used for less then 375,000 cycles. The remainder of the motors in 

the sample were classified as having been used for less than 1.5 million cycles. 

As the motor sample was typical and randomly collected, it is safe to assume 

that the selected wear indicating parameter and the developed ANN classifiers 

are more than sufficient for the asset recovery screening of the test motors.
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Chapter 7

Discussion

The aim of this study was to investigate wear development and usage level estim 

ation of small dc motors for the purpose of establishing reliable industrial asset 

recovery processes. To achieve this aim, the operation of selected test motors was 

investigated thoroughly and a set of wear indicating physical parameters were iden 

tified for detailed study. An accelerated life test system was developed and utilised 

to conduct controlled experiments on a set of motors to investigate the changes in 

the characteristics of the wear indicating parameters with usage level of the motors. 

The acquired signals of the wear indicating parameters were processed for feature 

extraction and data reduction. The resulting data were analysed using ANN classi 

fiers to provide an automated mechanism for motor screening during asset recovery. 

The processing and analysis methods developed in this study were shown to provide 

reliable results for the problem of classifying the dc motors according to their usage 

level.

This chapter discusses the results of the various investigations conducted during 

this study. It considers the developed methodologies and presents the rationale for



7. Discussion _________ 197

adopting them. Section 7.1 discusses the significance of the accelerated life test and 

the design of the experimental test system.

The wear parameters investigated in this study are discussed in section 7.2. This 

discussion includes the physical interpretation of the trends that were shown by these 

parameters during the accelerated life test experiments.

The signal processing techniques and the data analysis methods that were util 

ised to interpret and classify the results of the experimental tests are discussed in 

section 7.3.

7.1 Accelerated Life Test

After considering a variety of possible test approaches (section 4.1), the marginal 

test procedure was chosen as the preferred accelerated life test method. The test 

results confirmed that this was the most appropriate test method for this study. If 

the tests were conducted according to the enhanced stresses or STRIFE procedures, 

it would have been difficult to relate the test results to the motor's usage in its real 

application.

It is essential to discuss the purpose of the accelerated life test in the context of 

the asset recovery process for this type of motor. Motor screening within the asset 

recovery process is aimed at assessing if the motor can be used in a product without 

a failure in the field for the life of the product. The concept of life is related to the 

product and not to the motor. Therefore, if the 5047 copying machine is known to
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produce a maximum of 750,000 copies throughout its life, then it is only necessary 

to assess that the motor can function reliably for the same number of cycles. Since 

the motor is specified as being capable of functioning for 1.5 million cycles at a 

maximum load of 0.75 Nm, it is only necessary for the screening process to indic 

ate if the motor will not exceed its specified parameters for the full life of the next 

product. The accelerated life test experiments of this study were designed using this 

reasoning. As a result it was decided early in the study that it was not necessary to 

test the motors to destruction. The experimental investigations produced consistent 

and reliable results for the motor usage level below 1.5 million cycles at maximum 

load. This is more than sufficient for the motor under study as it will never be 

reused in a new product if its usage level exceeds the maximum specified number of 

cycles.

The design of the test system enabled the monitoring and assessment of the 

most important parameters which included current, time-to-speed, internal motor 

resistance, vibration and acoustic noise. The use of a second motor as a brake was 

advantageous. This made it possible to measure the internal motor resistance by 

using the brake motor to drive the test motor in generator mode. Torque measure 

ments before the start of the accelerated life tests and after its completion showed 

that the torque of the brake motor remained constant over the test time. A potential 

problem was the influence of the inertia of the brake motor on the time-to-speed 

measurement. This was due to the additional mass that the test motor had to drive. 

However, measurements in the laboratories of Xerox at Mitcheldean, showed that 

the time-to-speed measurements of the same motors but using a magnetic brake, 

which had a much lower inertia then the brake motor, produced the same results as 

in the accelerated life test experiments of this study. The brake motor appeared not
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to cause noticeable changes in the measurements and its inertia effect was therefore, 

negligible.

Vibration measurements were conducted using an accelerometer attached to the 

motor gearbox to monitor any vibration changes, caused by motor usage. The 

vibration signals measured at this position did not show any significant changes 

over time. It is unlikely that a different mounting position of the accelerometer 

would have shown a different result.

7.2 Wear Parameters

The analyses of the wear parameters, which were observed during this study, showed 

that only few of them could characterise wear in small motors, and thus can be used 

for estimating the usage level of the motor. The time-to-speed parameter and the 

internal resistance remained almost constant during 4.5 million cycles of testing. 

This demonstrated how well the motor was designed for this application. None of 

the motors tested, failed to perform according to specification during 4.5 million 

cycles.

7.2.1 Motor speed

A parameter that was not expected to change significantly with usage was the speed 

of the motor. Remarkably, this parameter changed in a similar fashion in all ob 

served motors and in all motor operational modes. The speed change was not due to 

a change in the motor supply voltage, because the variation in the motor voltage was 

below ±0.5% during the 4.5 million cycles of testing (table 5.3). It was either due 

to a decrease in the magnetic flux or bearing and gear friction. A decreasing friction
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as a cause of the speed change can be neglected. The gear friction using nylon gears 

is low even without optimal lubrication. A speed increase due to the bedding-in of 

the plain brass bearings is also unlikely. Visual inspection of the bearings did not 

show any marks that could be related to wear. The visual inspection of the bearings 

from the used motors, confirmed this observation. Therefore, bearing wear can be 

neglected as a cause for the speed change of this motor type. This observation was 

also confirmed by Xerox's Asset Recovery Department [127]. Generally, a reduction 

in mechanical friction should have caused a decrease in the mean motor current, but 

this effect was not observed.

As suggested in section 5.2.4, the speed increase over time was probably due 

to a decrease in the magnetic flux of the permanent magnets. The main causes of 

magnetic instability are temperature changes, exposure to stray magnetic fields, and 

mechanical shock or vibration. At room temperature, permanent magnets are likely 

to remain stable for many years [128]. In the case of the investigated dc motor it can 

be assumed that the operating temperature, as a cause for high demagnetisation, 

had a minor effect because the motor operated at room temperature. This is lower 

than the maximum specified temperature for the motor. The motor design assumes 

that it is used in an indoors office environment with an average temperatures below 

35 °C .

The observed average RMS vibration level of 0.2 g and a peak vibration level 

of less then 0.5 g are unlikely to cause significant demagnetisation. The most likely 

cause of this effect is the exposure to a magnetic stray field. In general, the greater 

the coercivity of the magnet, the less serious the loss from stray-field effects. A 

permanent magnet is usually stabilised against stray-field losses by subjecting it to
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an alternating field with a strength slightly greater than any other field it is likely to 

encounter during its use. The motor in this study was used in a stop/go mode. It is 

likely that the stray field in this operational mode is higher, due to the high start-up 

current, than in a mode where it is operated steadily. Therefore, it is reasonable to 

conclude that this is the cause of the demagnetisation.

Such demagnetisation should be noticeable by measuring the motor current. The 

relationship between the mean current of the motor, ia and the magnetic flux, $, is 

given by,

Therefore, the mean current should increase with decreasing magnetic flux. A 

positive trend in the current waveform was detected in the results of the accelerated 

life test experiments as shown in table 5.8. If all these effects are taken into account, 

it can be concluded that the cause of the speed increase is demagnetisation.

7.2.2 Motor current

The motor current waveform was found to be the best indicator for wear during the 

first 1.5 million cycles of operation. The reverse mode current waveform was the 

most consistent parameter for all tested motors and showed the best classification 

results (section 6.2.2).

Many indicators showed that the motor was not loaded in its application to the 

maximum specified load limit (0.75 Nm). These indicators included the applied 

torque in the 5047 copying machine (table 3.4), measurements of the brush length
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of the used motors (section 3.6.1) and visual inspection of the commutator carbon 

film (section 3.6.1). These observations were confirmed by the results of classifying 

the sample of used motors to determine their usage level (section 6.2.2 and 6.5). 

These results have shown more than 90% of the motors in this sample were classi 

fied as having been used for 375,000 cycles. The experience of Xerox suggested that 

a copying machine of type 5047 would not produce more than 750,000 copies during 

its full normal life [127]. If it is assumed that the used motors which were tested in 

this study had been used in at least one product throughout its full life, then there 

is a discrepancy between the classification results and the minimum usage level in 

dicated by Xerox. This provided further evidence that the used motors were not 

fully loaded in the application. The ANN classifiers were trained on the data that 

were obtained from the accelerated life test experiments. In these experiments the 

motors were loaded at the maximum specified torque level of 0.75 Nm. Therefore, 

a used motor that has been classified within the 0-375,000 cycles class at maximum 

load may have done significantly more cycles, but at a lower load level.

Therefore, it is possible to conclude that a motor that has done 750,000 cycles 

in the application with a maximum load of 0.4 Nm or less, can be considered to 

have performed less than 375,000 cycles at maximum load. The test system de 

veloped in this study with its associated ANNs is therefore, capable of assessing 

the usage level of a motor based on a reference measure, which is the number of 

cycles at maximum load. Classifying a motor which has been used in the applica 

tion at loads below the maximum load specified level does not affect the accuracy 

of the asset recovery screening process as long as the reference level is clearly defined.

The changes in the current waveform, which were observed both, in the frequency
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domain and the TFE vectors, were due to the bedding-in process of the brushes. 

This effect occurs due to the differences between the commutator and the brushes 

radii (figure 3.7). This causes a change in the commutation pattern due to the 

change of the conducting brush contact area during motor usage.

(a)

(b)

(c)

Figure 7.1: Commutation patterns 
of a motor with a new 
brush.

(a)

(b)

(c)

Figure 7.2: Commutation patterns 
of a motor with a 
bedded-in brush.

Figures 7.1 and 7.2 illustrate how a bedded-in brush causes a different com 

mutation pattern compared to a new brush. The diagrams are not drawn to scale
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but the relative proportions of the seven commutator segments and the widths of 

the brushes are correct. Due to the differences in the brush and commutator radii, 

the conducting commutator contact area of a new brush is smaller than that of 

a bedded-in brush. This results in the commutation patterns shown in figure 7.1. 

When the brush is fully bedded-in, the conducting brush contact area is at its max 

imum and the commutation patterns are shown in figure 7.2. When comparing the 

two commutation patterns it can be seen that one of the two bedded-in brushes will 

always commutate two adjacent segments (figure 7.2). This is not always the case 

for new brushes (figure 7.1). Due to this change in the commutation process the 

current waveform will also change. This effect can also be seen in the frequency 

spectrum of the reverse current (figure 7.3). Due to the changes in the commutation 

positions, the noise in the current signal increased from -68 dB to -46 dB. This is 

indicative of slight commutation sparking (section 3.1.2).

20 r

10

-10

-80

15,000 cycles 
300,000 cycles 
750,000 cycles 
1,500,000 cycles

15 
Frequency (kHz)

Figure 7.3: Frequency spectrum of the reverse current waveform.
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However, this change was not prominent in the mean current value but it had an 

influence on the internal resistance. The resistance dropped during the first 300,000 

cycles of the accelerated life test. This suggests that the conducting contact area of 

the brushes has increased and as a result, the internal motor resistance has therefore, 

decreased. Once the brushes are bedded-in, the current waveform did not change 

significantly. This happened approximately after 1.2 million cycles of motor usage. 

This is the reason why the classification of the motor current waveforms which were 

obtained after 1.5 million cycles of testing did not produce accurate results. The 

extension of the brush bedding-in process to well above one million cycles is a clear 

indication that the motor was designed for higher torque levels than those specified 

by the copying machine manufacturer.

The hardness tests on a number of carbon brushes (section 3.4.2, table 3.3) 

showed that the brush hardness variation was within typical production tolerances. 

The ±95% confidence intervals of the hardness figures for brushes from different 

motor designs showed an overlap. This suggests that the brush material did not 

change between different motor designs. This is important to enable the test system 

to produce consistent results for motors of different designs.

7.2.3 Gearbox and bearings

Similar to the brushes, the gears bedded-in during the first 1.5 million cycles. This is 

especially the case if the motor gears have been designed for higher loads considering 

that the bedding-in process of the gears usually ends in a shorter period of usage. 

The gearbox and bearings did not wear noticeably. The major design factor for the 

gears is the load they have to transmit [21]. Since the motor itself has been designed 

for higher loads than those listed in Xerox's specifications it can be assumed that 

the gears were also designed to carry higher loads. Otherwise, a significant change
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m the vibration signal due to wear would have been observed. The accelerated life 

test experiments showed that a motor can be used for more then 4.5 million cycles 

without any loss of performance and significant increase of vibration level.

7.2.4 Acoustic noise and vibration

The investigation into acoustic noise showed that the sound pressure level of the 

steel spur gear was the highest amongst all tested gear designs. The new gearbox 

design has two major advantages: helical gear cut and nylon gear material. It was 

observed that the noise level of a used motor with a helical gear cut was slightly 

higher than a new one. However, the SPL was not as high as the SPL level of a 

steel spur gear design.

The acoustic noise tests that were conducted during this study showed that the 

design of the motors was not optimal for its purpose, considering the noise emis 

sion/torque characteristic. The increasing noise level in the main region of operation 

in a 5047 copying machine (~0.4 Nm) indicated a design weakness.

Generally, relying on acoustic screening for this motor in a production environ 

ment is questionable. The maximum observed SPL of a steel spur gear design was 

36 dB and the lowest observed SPL was around 26 dB. For comparison, the noise 

SPL in a library is 30 dB and the noise SPL in an average living room is around 

40 dB [114]. Considering acoustic masking effects, a test environment should provide 

at least a 3 dB safety margin between the lowest observable motor noise level and the 

test environment. Therefore, the noise level in the test environment should be 23 dB 

or lower which can be compared with the noise SPL of a recording room [114]. This 

means that in order to achieve a meaningful test result the environment should be
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acoustically isolated from the shop floor. Currently, screening is conducted at Xerox 

and other copying machine manufacturers in a production environment. Murphy and 

Sayegh [8], also observed that the majority of discrimination errors were related to 

the operator, even when the acoustic tests were carried out in a sound proof cham 

ber. Therefore, operator based acoustic screening of the motors for asset recovery 

can be considered as an unscientific practice according to the evidence of this study.

In addition, the motor is mounted inside a copying machine, its noise is masked 

even further in its application. This suggests that the motor does not contribute 

significantly to the noise level of the application such as the 5047 copying machine.

The vibration signal of the tested motors did not show any significant trend that 

may be used for wear characterisation. However, a correlation between the vibration 

signal and the acoustic noise of the tested motors was observed. The average RMS 

vibration level decreased by 53.4% when the motor was running with a 0.75 Nm load 

compared to its no load level. This is equivalent to a -5.5 dB decrease in vibration 

energy. This was also observed in the SPL characteristics of the used 61.046.020 

motor design.

7.3 Signal Processing and Analysis

To interpret the information provided by the wear indicating parameters it is essen 

tial to arrive at reliable signal processing and data analysis methods. This is also 

critical for an automated asset recovery process for small motors. The literature 

review has covered a wide range of signal processing and analysis techniques with 

special emphasis on those used in condition monitoring and fault diagnosis of elec-
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trical machines. As a result of the literature survey a selection of these techniques 

were chosen for further investigation and application on experimental data of this 

study.

The transform for feature extraction (TFEj was investigated theoretically to 

compare its performance against established techniques such as spectral and stat 

istical analyses. This was followed by testing the TFE's performance on the experi 

mental results, especially the reverse motor current. Such investigations of the TFE 

have not been reported previously in the research literature. A windowed version 

of the TFE. the WTFE. was introduced in this study to take into account local 

variations in the signal's shapes. This is similar to the windowing approach of the 

STFT. All the investigations conducted in this study on the TFE proved that it was 

superior to spectral and statistical analysis in extracting significant features of the 

analysed signals. In addition, it provided high data reduction capabilities. The reas 

ons for the improved performance of the TFE over spectral and statistical methods 

can be attributed to its ability to represent the features of the signal's shape in an 

effective manner. Unlike other analysis methods which deal with one aspect of the 

signal, such as the frequency components, number of peaks, maximum amplitude 

or mean value, the TFE produces a feature vector that represents a fusion of these 

and other parameters. The feature extraction capability of the TFE was confirmed 

when its feature vectors were used to train and test the AXXs of this study. In all 

cases it performed better than the signal spectrum.

AXXs were demonstrated to be very suitable analysis tools for wear character 

isation and usage level estimation of the dc motors. This is understandable as the 

relationships between the usage level and characteristics of the signals of their wear
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indicating parameters are not clearly defined and cannot be represented in math 

ematical terms.

The best performing ANN offered an average resolution of better than 15% for 

the first 1.5 million cycles with an average correct classification rate of 74.3%. The 

classification rate was higher for the first 1 million cycles. An average rate of 81% was 

achieved with an average E,es, error rate for these classes of 10.45%. The achieved 

classification accuracies are sufficient for the asset recovery process of this motor 

type.

The comparison of different ANNs showed that the use of the LVQ paradigm did 

not prove to be advantageous in the classification process because it produced high 

variability in a single class. The BP algorithm, in contrast, has shown its ability to 

classify overlapping data correctly.

The combination of the TFE and ANNs produced reasonable results when ap 

plied to the reverse current signals of the sample of used motors as discussed in 

section 7.2. This is demonstrated by the fact that the vast majority of the motors 

in this sample were identified as having usage levels much lower than the maximum 

specified motor usage level of 1.5 million cycles.

The processing and classification tools developed in this study were optimised 

for the test motor used in this study and its wear indicating signals. However, 

these tools are generic in nature and can be easily customised for use with other 

types of motors and even sub-assemblies from the copying machine. In fact, the 

processing and analysis methodologies presented in this thesis may prove to be of
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significant value in other fields, such as the analysis of biological and medical signals.

It is possible that the accuracy of the analysis reported in this study could have 

been improved by expanding the scale of the accelerated life test experiments. This 

could have been done by using a large number of motors in the experiments and 

extending the length of the experiments beyond 4.5 million cycles. However, this 

was not considered to be necessary as the main aim of this study was to investigate 

the methodologies and enabling technologies for reliable asset recovery of small dc 

motors. The results of this study were sufficient to demonstrate that this aim has 

been achieved.
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

This study has set out to investigate the wear characteristics of small dc motors 

and the methods of estimating the usage level of these type of electromechanical 

assemblies to establish a reliable asset recovery process for photocopying machines. 

This study was concerned with enabling technologies and methodologies to allow 

the assessment of the suitability of recovered dc motors for use in a new product. 

The research work that was presented in this thesis consisted of both, theoretical 

and experimental investigations into the development and progress of wear in the 

selected dc motor as it is used in its paper tray application of copying machines.

The study has covered all aspects of the problem defined in section 1.1 of this 

thesis and achieved all the objectives of the research project which were outlined 

in section 1.2. The literature survey conducted during this study has clearly shown 

that wear characterisation and usage level estimation of small dc motors has not 

been significantly investigated by previous researchers, especially in relation to as-
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set recovery for commercial equipment. Therefore, the work that has been presented 

in this thesis represents a significant contribution to knowledge in the fields of asset 

recovery and wear understanding for small electromechanical assemblies. The vast 

majority of previous research was concerned with large electrical machines, espe 

cially induction motors.

The literature review, information exchanged with the engineering staff at Xerox, 

the experimental and analytical investigations during this study lead to the following 

conclusions:

1. Asset recovery of small electromechanical assemblies has significant economic 

and environmental benefits. However, current methods of screening these as 

semblies, especially motors, relies on the subjective assessment of an operator 

of the suitability for reuse in a new product. This assessment is entirely based 

on the operator's perception of the acoustic noise emitted by the motor. This 

study has proven beyond any doubt that acoustic noise does not provide suf 

ficient information on the suitability of a motor for reuse, especially when the 

screening is conducted subjectively and on the shop floor.

2. The concept of life for a dc motor should be related to the life of the product 

rather than the life of the motor itself. In asset recovery screening it is only 

essential to ensure that the motor will not exceed its specified usage level 

before the end of its product life.

3. A large number of physical parameters can provide information on wear in 

small dc motors. These parameters include vibration, acoustic noise, time-to- 

speed value, and the motor current waveform in various operational modes. 

The experimental investigations conducted during this study have shown that
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within the constraints of the maximum specified usage and loading levels of the 

dc motor, the only parameter that provided consistent and reliable indication 

of wear was the reverse current waveform. The reason for this is that changes 

in the motor current are related to changes in the dimensions of the brush and 

commutation pattern. As the motor is exercised, the length of the brushes 

and their contact area with the commutator changes. This is part of the 

brush bedding-in process which continued almost to the maximum specified 

usage level of the motor (1.5 million cycles). The effect of the gear bedding-in 

process and the bearing wear were not noticeable in the vibration signals or 

the acoustic noise measurements. It can be concluded that significant wear 

in these parts only take place after usage levels several times higher than the 

maximum specified usage level of the motor.

4. The subtle differences in the shape of the reverse current waveform as they 

change with usage level of the motor proved to be difficult to identify using 

spectral analysis and standard statistical methods. On the other hand, the 

TFE demonstrated its capabilities in extracting the features contained within 

these waveforms and identifying their differences. This processing technique 

was investigated thoroughly for the first time during this study and was shown 

to have a considerable potential of identifying important signal characteristics. 

In addition, its data reduction capabilities makes it an ideal technique for 

generating feature vectors for use in conjunction with ANNs.

5. This study has shown that BP ANNs have the capability of estimating the 

usage level of the dc motor by classifying the TFE vectors of reverse cur 

rent waveforms into discrete classes. It was shown that the developed ANNs 

provided sufficient accuracy and resolution for the purposes of asset recovery.
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Classifiers consisting of a hierarchy of relatively small ANNs performed con 

sistently better than single ANNs with larger number of outputs. In addition, 

the performance of the ANNs can be improved by using the TFE vector with 

the coefficient of variation of the waveform and combine it to a composite 

input vector.

8.2 Future Work

The results of this study and the conclusions of section 8.1 have shown that screening 

of small dc motors for asset recovery can be conducted reliably and objectively. This 

study has investigated the technical issues associated with understanding wear in 

small dc motors. It has developed the necessary equipment and methodologies to 

assess the development of wear in dc motors and to estimate their usage level. To 

take maximum advantage of the results of this study, it is recommended that future 

research work should include the following areas:

1. Investigation into the applicability of the developed techniques to other types 

of small electromechanical assemblies, especially dc and ac motors. In addition, 

it is also important to consider whole sub-assemblies, such as the whole paper 

tray mechanism. This will enable more than one part to be screened during 

asset recovery. However, this approach may require careful investigation as the 

tested assembly is more complex. On the other hand, it enables more realistic 

tests to be conducted as the interaction of the parts within the assembly are 

not changed from the real life application.

2. To explore the changes in the wear indication parameters with the usage level 

for motors which are used close to their specification limits. This may provide
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valuable information for designers of copying machines and similar commercial 

equipment, and enable them to lower the costs of the used parts. The current 

trend of many machinery manufacturers is to over-specify the motor, as was 

discovered in this study.

3. To investigate the suitability of the TFE as a signal analysis tool, with or 

without ANNs, in other fields. The TFE may have significant benefits in ap 

plications where signal recognition and signature analysis are required. These 

application areas may include voice recognition and medical diagnosis.

4. Standard ANNs have shown their classification capabilities in this study. New 

ANN types have been developed by other researchers in order to combine the 

neural network approach with other forms of artificial intelligence. An example 

is the combination of fuzzy logic and genetic algorithms in conjunction with 

ANN paradigms. Which should be investigated if the use of these network 

types with the existing set of data will be able to achieve better classification 

results.

5. A different and probably long term approach to classification using ANNs, is 

the development of a model that includes the main motor wear factors. This 

system identification approach may avoid unnecessary and extensive acceler 

ated life testing and may make ANN classification obsolete. If a model exists 

that includes all factors that contribute to motor wear, it may be possible to 

extrapolate the results of only a small number of tested motors. This would 

also be beneficial from a business point of view. It will decrease develop 

ment time and costs of reliable life prediction tools and therefore, enable asset 

recovery for more low cost components.
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Appendix A

Mechanical Drawings
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Figure A.I: Measurements of the test motor.
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Appendix B

Schematics
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B. 1 Description of the accelerated life test

motor circuit function blocks in figure B.I

Stabilised voltage supply

The stabilised voltage supply for the brake motor circuit is designed using the vari 

able voltage regulator U6 including <73 , C74 , Cw , P2 and R&. Potentiometer P2 allows 

the adjustment of the regulated output voltage. The input voltage for the voltage 

regulator is connected using KL4 .

Reference voltage of the control circuit

The reference circuit has been design using Dj, C5 , RIQ and P3 . The reference 

voltage can be adjusted with P3 .

Brake operation mode circuit

The brake or constant current mode circuit consists of the operational amplifier U3 

and its peripheral components Rn^ Ri2, Ri3i Ri4i Ce, T3 and D^. The current is 

monitored using shunt resistor RI$. The operating voltage is switched to the motor 

using transistor T4 , R\&, Rn, T6 , RIO and R2 2- The voltage supply for U3 is supplied 

using KL3 which is buffered by Cr-Cg. Pins P3 and P4 are used to enable and disable 

the brake operation mode. The brake motor is connected using KL^.

Motor operation mode circuit

The regulated supply voltage is switched to the motor using T2 , R7 , J?8 , -^21, #23, 

and T7 for positive polarity and T5 , R18 and Rig for the connection to ground. Pins 

PI and PS are used to enable and disable the motor operation mode.
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B. 2 Description of the accelerated life

test motor circuit function blocks in figure B.2 

Stabilised voltage supply +18 V

The stabilised voltage supply for the brake motor circuit is designed using the vari 

able voltage regulator U\ including Ci, C2 , PI, RI and R2 . Potentiometer PI allows 

the adjustment of the regulated output voltage. The input voltage for the voltage 

regulator is connected using KL4 .

Forward operation mode

The regulated supply voltage is switched to the motor using Tn , #33, Pt34, Tis, ^35 

and Ptse for positive polarity and Ti2, Ptsi and R^ for the connection to ground. 

Pins PT and Pg are used to enable and disable the forward operation mode.

Reverse operation mode

The regulated supply voltage is switched to the motor using TIQ, Pt29, PSO, ^14, R?7 

and Pt28 for positive polarity and J\3 , R37 and Pt38 for the connection to ground. 

The motor current is measured using shunt resistor R5 . Pins P7 and P8 are used to 

enable and disable the forward operation mode.
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B. 3 Description of the accelerated life test

motor circuit function blocks in figure B.3 

Motor voltage conditioning circuit

The motor voltage is amplified and filtered for each motor of the four motors us 

ing an identical circuit. The motor terminal pin voltage will be connected to pins 

Pn/Pi-2 for motor 1, pins Pi4 /Pi S for motor 2, pins PIT/PIS for motor 3 and pins 

P20/P21 for motor 4. Described is the function for the motor 1 voltage. The descrip 

tion is explanatory of all four circuits.

The motor terminal voltage is amplified using the operational amplifier UTA and 

its components R^-R^ to amplify the signal by a factor of 0.125 reducing the ter 

minal voltage to the input voltage range of the data acquisition card. The signal is 

then buffered using UTB followed by a passive low-pass filter consisting of LI, C\\ 

and Pc44 . The voltage supply for 1C U7 is buffered using Cis-Cis-

The output voltages of the conditioning circuit are present at pins PIS, P16 , Pig 

and P22 for motor 1-4 respectively.
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B. 4 Description of the accelerated life test

motor circuit function blocks in figure B.4

Cycle frequency generation circuit

The data acquisition board cannot provide the required 1 Hz clock (0.5 s on 0.5 s 

off) for the accelerated life test. Therefore a clock frequency of 128 Hz, generated 

by the data acquisition card was divided by 128 using IC\. The clock input signal 

is provided using pin CLK. The 1C can be reset with a high signal on pin B0 . The 

cycle signal can be disabled using pins AI, A2 and PU with IC-2A and IC^s- The 

cycle signal is the connected to the four identical circuits to control the brake and 

test motor circuit. Pins AQ and A3 connected to 1C-? are used to control pins P^jP^ 

of the brake circuit and pins /V/Ps of the motor circuit. The pins A4-A7 are used 

to disable the brake and motor circuits off in case of a fault. The capacitors C\-C& 

buffer the 5 V supply voltage.
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B. 5 Description of the accelerated life test

motor circuit function blocks in figure B.5 

Amplification and buffer circuit

This amplification block allows the non-inverting amplification of the input signal 

using UIA and its comonents Ri-R4 , P,, P2 and the DIL switch Si. The switch allows 

to select a gain in steps of 1, 10 and 100 by selecting the appropriate switch positions.

1C U\B and ^47 allow the optional non-inverting buffering of the output signal 

by connecting this circuit to the output of the anti-aliasing filter.

Anti-aliasing low-pass filter circuit

The active anti-aliasing filter uses the continous filter ICs MAX274 (IC?} and 

MAX275 (IC3 ) from Maxim. The filter characteristic is determined by the resistors 

R5 -R4e - The capacitors C\-C& buffer the 5 V supply voltage.
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B. 6 Description of the mircophone signal conditioning 

circuit function blocks in figure B.6

Stabilised voltage supply ±5 V

The stabilised voltage supply for the active filter circuit is designed using the voltage 

regulator IC4 and ICs including C-j-C^. The dual input voltage is connected to the 

pins VCC-PIN, GND-PIN and -VCC-PIN. The voltage regulators provide a 

regulated output voltage of ±5 V on the output pins.
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B. 7 Description of the mircophone signal conditioning

circuit function blocks in figure B.7 

Amplification and high-pass filter circuit

This amplification block allows the non-inverting amplification of the input signal us 

ing UIA and its components Ri-R^, PI, P2 and the DIL switch Si. The switch allows 

to select a gain in steps of 1, 10 and 100 by selecting the appropriate switch position.

1C UIB, -^33--#39, Ci^ and Ci& are connected to an active 2nd order high pass 

filter. The high-pass filter output can be connected to the low-pass filter input.

Anti-aliasing low-pass filter circuit

The active anti-aliasing filter uses the continuous filter ICs MAX274 (1C 2) and 

MAX275 (IC3 ) from Maxim. The filter characteristic is determined by the resistors 

R5 -R46 . The capacitors Ci-C6 buffer the 5 V supply voltage.
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B. 8 Description of the accelerated life test

motor circuit function blocks in figure B.8 

Stabilised voltage supply ±5 V

The stabilised voltage supply design is equivialent to the one shown in figure B.C.
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Appendix C

Measurement Errors

A number of components have been used to condition the signals coming from the 

transducers to measure the parameters of interest. The calibrations of the overall 

sytem including the transducers and data aquisition card have been carried out to 

minimise the errors due to offsets and gain factors. The obtained calibration values 

have been used to correct the sampled signals to prior data analysis. Therefore, the 

main source of measurement errors is the noise in the signal conditioning chain that 

has been estimated.

The errors stated by the manufaturers of the semiconductors and the data aquis 

ition card are as follows:

• Resolution of the data aquisition card: 12 bits

• Overall analog conversion accuracy: 4 LSB [129]

The data aquisition card has been used in an input voltage range of ±5 V which 

will result in an equivalent LSB voltage of 2.44 mV. Therefore the overall signal-to- 

noise error is defined as
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which will result in a signal to noise ration of 60.2 dB [130]. The noise of the 

used low noise operational amplifiers and filter are as follows:

• MAX274 signal-to-noise ratio including distortion: -82 dB

• MAX275 signal-to-noise ratio including distortion: -83 dB [131]

• TL074 Equivalent input noise voltage(10 Hz-10 kHz): 4 /iV [132]

The resulting signal-to-noise ratio for the TL074 can be calculated considering 

that the lowest expected input voltage will be 100 mV (current mode without load). 

Using equation C.I the signal-to-noise ratio for the operational amplifier is 88.8 dB. 

These signal-to-noise ratios of the signal conditioning elements can be seen in fig 

ure C.I.

Trans 
ducer TL074 MAX 

274
MAX 
275 TL074 PC 

226

Figure C.I: Signal conditioning elements.

It can be seen that the biggest contributor of noise to the input signal is the 

data aquisition card. Considering the noise of the card, the noise ratios of the other 

elements can be neglected due to the >20 dB difference.

The signal-to-noise ratios of the transducers vary depending on the parameter 

observed. The noise generated by the shunt resistor for the measurement of the 

current can be neglected. Similar is the signal-to-noise ratio for the voltage meas-
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urement which has been acomplished using resistors as voltage dividers. The accel- 

erometer, however, generates a noise level of 20 fiV according to the manufaturer. 

Considering an average rms vibration level of 0.2 g, the signal-to-noise ratio is 48 dB.

It can be concluded that the overall noise influence to vibration signal is ap 

proximately 48 dB. This is high compared to the signal-to-noise ratio of the data 

aquisition card. For all the other analogue signals the noise ratio will be determ 

ined by the data aquisition card resulting in a signal-to-noise ratio of approximately 

60.2 dB.
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Appendix D

Graphical User Interface
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