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Abstract

The representation of terrain by a regular grid Digital Elevation Model (DEM) requires a large amount 

of data which increases with the resolution. The nature of the typical applications of terrain data, 

for example, aeronautical navigation, dictates that the reliability of the data is of prime importance. 

Thus any compression scheme used for compressing OEMs, in the presence of errors, must be able to 

achieve competitive compression while retaining a level of accuracy in the decompressed data. The 

requirements for effective data compression and error control tend to conflict. In some situations, for 

example, mobile storage devices used in hostile environments, the use of both techniques is essential. 

In this research the use of data compression for a storage channel subject to error is considered. 

The suitability of some standard data compression techniques (statistical and dictionary based meth 

ods) for robust terrain compression, is examined. The results indicate, as expected, that these meth 

ods, as they stand, are unable to tolerate any error in the compressed data.

Five possible methods for the robust progressive compression of terrain data, based on common image 

and other compression methods, are developed and implemented. The five methods are a bit splitting 

method, a grid interpolation method, a discrete cosine transform based method, a vector quantization 

based method and a linear quadtree method. All methods are used in conjunction with a statistical 

encoder. Each method identifies the information critical for obtaining a good approximation to the 

original terrain, and thus the information which requires strong error control. It is shown that grid 

interpolation is the natural choice for lossless robust DEM compression.

A progressive strategy which incorporates various levels of data is employed. The levels are formed by 

down-sampling the data to form a coarse and fine grid of elevations. Grid interpolation techniques are 

then employed to obtain an approximation of the fine grid from the coarse grid. The corrections to 

this approximation are then compressed using an arithmetic encoder. This process is done repeatedly 

to produce the required number of levels. Protection is achieved primarily through the use of BCH 

codes. The protection is incorporated in such a way that the coarsest levels of data receive stronger 

error control. Secondary error detection mechanisms exist through the use of the arithmetic encoder 

and also some prior knowledge of the compressed data.

The software developed here proves to be successful with regard to progressively reconstructing terrain 

in the presence of errors, while also producing compression results which compare favourably with 

theoretical results based on a known DEM compression method.

Consideration is also given to the task of validating the decompressed data, and determining if terrain 

data may be distinguished from other digital data. A series of tests which use the grid interpolation 

and DCT methods discussed previously are used, along with Moran's Index, to measure spatial auto-
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correlation. Local tests based on image processing techniques (edge and point detection masks) are 

also employed to detect any anomalies in data which may otherwise be classified as terrain. The results 

indicate that while the differentiation of terrain and uncorrelated data is a relatively straightforward 

task, the task of distinguishing between terrain data and other correlated data provides great scope 

for further research.
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Chapter 1

Introduction

1.1 Overview

Digital terrain data is finding application in areas of geographical information systems (GIS), such as 

visibility analysis, aeronautical navigation and radio system planning. The nature of these applica 

tions has led to requirements for ever greater volumes of data at increasingly finer resolutions. Despite 

advances in storage technology, the volume of data to be stored continues to outpace the available 

storage. This has led to the use of data compression for the storage of digital terrain data. Huffman 

coding and arithmetic coding [1] in combination with a predictor method [2, 3, 4] have been shown to 

provide good compression for terrain data.

Data compression is normally used on the assumption that there are no errors affecting the com 

pressed data. In some adverse environments for data compression and storage it becomes necessary 

to investigate how compression techniques react in the presence of errors.

The development of a robust compression scheme for digital elevation models, encompasses three 

broad areas of study; digital elevation models, data compression and error control (Figure 1.1). 

This research describes an investigation into the suitability of some standard data compression tech 

niques for robust terrain compression. The idea of adapting image compression methods and other 

popular compression methods, to fit robust terrain compression will also be looked at, with partic 

ular emphasis on progressive and hierarchical compression. Consideration will also be given to the 

incorporation of suitable error control.
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Robust Compression for OEMs

Error Control

Figure 1.1: The Three Components for a Robust Compression Scheme for DEMs.

1.2 Digital Elevation Models

1.2.1 The Format of a Digital Elevation Model

In the literature there appear to be differing opinions on the usage of the terms " Digital Elevation

Model (DEM)" and "Digital Terrain Model (DTM)". In this work DEM is preferred when discussing

digital representation of relief, whereas DTM is defined as the generic term used to describe digital

models representing any single-valued attributes of the landscape, e.g. population density and erosion

potential.

One of the more popular ways of representing terrain surfaces is via digital elevation models (DEMs).

DEMs comprise terrain elevations sampled at a constant interval known as the resolution. These grids

are usually stored in a two-dimensional matrix structure. The use of such a grid system eliminates

the need for explicit storage of x and y coordinates; the position of any elevation is determined by the

row and column it occurs in.

A simple example of a DEM format is the ESRI ASCII grid format [5]. This format consists of header



CHAPTER 1. INTRODUCTION 3

information followed by a two-dimensional grid of elevations. The header information is composed of 

the following keywords and their corresponding values:

• ncols: the number of columns,

• nrows: the number of rows,

• xllcorner: the x-coordinate of the centre or lower-left corner of the lower-left elevation,

• yllcorner: the j/-coordinate of the centre or lower-left corner of the lower-left elevation,

• cellsize: the resolution of the DEM,

• nodata-value: the numeric value which represents unknown data values (defaults to -9999). 

This format may is used in the common GIS package ArcView.

1.2.2 Data Acquisition

When using OEMs it must be noted that some inaccuracies may be present, due to the method of 

data collection. DEM collection methods may be divided into two groups: primary and secondary [6]. 

Primary methods refer to methods of data collection in which data are collected from the field, 

(ground surveying, photographs (aerial and terrestrial) and satellite imagery). Secondary methods 

refer to methods of data collection in which the data are collected from existing documents (maps, 

charts etc.). Primary methods of data collection should be used in all those areas in which the accuracy 

of the data is critical.

DEMs are now predominately collected through the use of photogrammetric methods and remote 

sensing (including aerial photographs or satellite images). Photogrammetry refers to the methods 

of obtaining measurements from photographs. Remote sensing, in this context, describes the use of 

Electromagnetic Radiation (EMR) sensors to record images from which digital information may be 

gleaned [7]. The secondary methods of data collection are becoming outdated.

1.2.3 Applications of DEMs

Among the most important applications for DEMs are the following:

• Civil Engineering

In civil engineering DEMs are mainly used in the planning and design of constructions such as, 

roads, reservoirs, dams etc. They also provide a useful tool in the visualization of many building 

developments.
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• Earth Sciences

OEMs may be used to detect relief changes over a period of time, for example the paths of rivers 

may be documented over many years.

• Military Applications

A vast majority of military applications depend upon accurate knowledge of the surrounding 

terrain. Examples of military uses of OEMs would include weapons guidance systems, flight 

simulation and visualization tools.

• Telecommunications

Relief obstructions cause concern in telecommunications networking. Signal strength, interfer 

ence and areas of coverage may all be affected. Therefore, DEMs have an important role to play 

in the design of networks, particularly with the increased use of cellular radio.

DEMs are also used in a broader sense through the use of GIS. Examples of the applications of GIS 

are discussed in [7] and [8].

1.3 Data Compression 

1.3.1 Data Redundancy

In general, data contains an inherent amount of redundancy. For example, Shannon and Weaver [9] 

concluded that the English language is between 70% and 80% redundant, implying that the average 

information content for the English language is two bits per character [10].

Similarly, the existence of redundancy may also be observed in digital images. Digital images contain 

significant redundancy, which may be classified as follows [11]:

• spatial redundancy, due to the correlation between neighbouring pixels

• spectral redundancy, due to the correlation between different colour planes (e.g. in a red/blue/ 

green image)

• temporal redundancy, due to the correlation between different frames in a sequence of images.

The data redundancy outlined above, concerning similarities, correlation and predictability of the 

data, is known as statistical redundancy. Statistical redundancy has the property that it may be 

removed from the data without destroying any information. We may also consider a further type oi' 

superfluous information, subjective redundancy, which concerns the data characteristics that may be 

removed without visible distortion to the original data (this type of redundancy is often removed in 

image compression techniques).
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1.3.2 The Need for Data Compression

Despite the increases in storage and transmission capacities, more and more effort has been put into 

data compression. Data compression plays an important part in the areas of data storage and data 

communication. Many data processing applications require storage of large volumes of data, and the 

number of such applications is constantly increasing as the use of computers extends to new discip 

lines. At the same time, the ever growing use of communication networks has seen a vast increase in 

the demand for data transfer. Compressing data to be stored or transmitted reduces storage and/or 

communication costs. Compressing a file to half of its original size is equivalent to doubling the ca 

pacity of the storage medium.

The need for compression can be exemplified by the storage and transmission of images. This is illus 

trated in the following example. Consider the information gathered by LANDSAT 7 [12]. LANDS AT 

7 divides the Earth's surface into scenes, each scene being approximately 115 x 106 miles. The satellite 

consists of instruments capable of providing high resolution image information of the Earths surface. 

Approximately 3.8 gigabytes of data is produced for each scene. Clearly there is a great need for the 

compression of such data.

In recent years there has been a massive increase in the amount of terrain data available. National 

mapping agencies such as the United States Geological Survey (USGS) [13] and the Ordnance Survey 

of Great Britain (OS) [14] have sought to generate countrywide digital elevation data at a variety of 

resolutions. This inevitably leads to the requirement for efficient storage of digital elevation data.

1.4 Error Control Coding

Inevitably the transmission of any data is likely to involve the introduction of noise (errors). The aim 

of any error control scheme is to reduce if not eliminate the effects of noise in a message. 

Typically a message may be thought of as a string of bits. Error control techniques add redundancy 

to a message in order to achieve error detection/correction capabilities. In the simplest case error 

control may be achieved through the use of a single check bit.

The ever increasing demand for digital communication services such as mobile telephones, FAX ma 

chines, satellite dishes and compact discs ensure that there is a constant need for reliable transmission 

techniques. Most communication systems are subject to the introduction of many errors. In a mobile 

environment a communication channel may endure such problems as interference from rain, care, other 

transmitters etc. along with the effects of the surrounding structures. 

In general data storage devices are primarily intended for use within stable environments, however
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many of these devices find application in more severe conditions. For example, consider the use of the 

CD-ROM as a mobile storage device, in this situation serious incidences such as excessive vibration 

and scratches can have a devastating effect on the compressed data. Regardless of the storage device, 

hostile conditions such as vibration, moisture, electrical interference, scratches etc. are likely to prove 

disastrous to the recovery of the data.

When considering robust compression there is a significant difference between data storage and data 

communication. In the field of data communication the most commonly employed error control pro 

cedure is known as automatic request for repeat (ARQ). In this method of error control, upon detection 

of an error the receiver requests the sender to retransmit the coded data. However, in data storage, 

sometimes the data will be stored for long periods of time. When the data is retrieved in many cases 

the original source may no longer exist, and any errors incurred through compression are permanent. 

In many applications where an enormous amount of data is produced for archival storage, efficiency 

dictates that no information should be lost during storage. In this particular case the collection of ter 

rain data can be both time consuming and expensive, and re-collection of the data should be avoided 

wherever possible. Thus, error control is particularly vital in data storage applications. 

One of the more common error detection mechanisms is the cyclic redundancy check (CRC) which is 

used, for example, on floppy disks. Generally the more popular codes for error detection/correction 

are Reed Solomon codes which are used in CD-ROMs, audio CDs, hard disks, satellites and deep 

space communications. However the comparatively recent introduction of Turbo codes [15] has led to 

much research into the extensive development of modern digital communications, seeking to exploit 

the channel capacities of many devices, such as hard disks and satellite links.

1.5 Overview of Thesis

Chapter 2 introduces the concept of data compression, and provides detailed descriptions of the stand 

ard techniques, along with popular image compression methods. These methods are tested for their 

ability to withstand error in the compressed data, the results are presented in Chapter 3. Chapter 4 

begins with the fundamentals of error control, and concludes by describing the common BCH codes. 

The adaptation of popular image and other data compression tools for robust terrain compression is 

considered in Chapter 5. Results are presented for five different methods; bit splitting, grid inter 

polation, discrete cosine transform, vector quantization and linear quadtrees. A robust progressive 

compression scheme is proposed and described in Chapter 6, compression and data recovery results 

are presented and compared with theoretical results from a known DEM compression technique. The
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focus of Chapter 7 is the discussion of possible techniques, such as spatial autocorrelation measures, 

for identifying terrain data. Such techniques may be used in a general sense to differentiate between 

terrain data and other digital data, while also having use in a robust progressive compression scheme 

for the validation of any decompressed data. Finally, results and conclusions are given in Chapter 8.



Chapter 2

Data Compression Techniques and 
Applications

2.1 Introduction

Data compression is defined to be the branch of mathematics concerned with the efficient coding of 

data. An effective data compression technique will process data in such a way that the resulting bit 

stream is smaller than the original bit stream.

Data compression techniques have many applications in the areas of data storage and transmission. 

This has led to the widespread availability of many file archival systems (e.g. the common Zip 

compression utilities), along with many compression facilities designed for specific purposes, such as 

video and audio compression [16] and image compression [11].

This chapter is intended to give a description of some of the standard compression techniques available, 

along with an indication of methods used in specific applications with emphasis placed on image 

compression. While wavelets [17] are a popular method which can be used for compression, they are 

not covered in this chapter, but are mentioned briefly in Section 5.7. 

Further details on general compression techniques may be found in [1, 18].

2.2 Basic Definitions

Data may be thought of as comprising information and redundancy. In the pursuit of compression it 

is necessary to reduce the redundancy of a message while retaining the information. Entropy [9, 10] 

is a measure of the average information content of a message, defined as

n

- ̂  p(i) loga P(*) bits/symbol, (2.1)
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where the symbols are drawn from an independent alphabet of size n, and p(i) is the probability of 

the ith symbol occurring. The entropy allows us to calculate a theoretical minimum number of bits 

per symbol required to encode the message, with a separate codeword for each symbol. 

In general, data compression techniques may be split into two groups; statistical (e.g. Huffman 

and arithmetic coding) and dictionary-based (e.g. Lempel/Ziv). Statistical based methods work on 

the premise that the more often a symbol appears the shorter the corresponding codeword should 

be; similarly less frequent symbols should have longer codewords. An early example of this type of 

compression can be seen in Morse code, where two of the most common letters in the English language, 

V and 't' are represented by a dot and a dash respectively. Statistical based methods require a model 

of the data, where the model records the probability that a given symbol will appear. The order 

of a model refers to how many previous letters are taken into account when encoding. Therefore in 

an order 0 model the probability of a character appearing is independent of the previous character 

encoded. Compression of text, in particular, shows this method to be inefficient, for example the 

probability of a 'U' appearing may be reasonably small, but if the previous letter was a 'Q' then it is 

highly probable that a 'U' will follow. To reduce this inefficiency models of higher order are used. 

Statistical compression may be either static or adaptive. Static statistical compression involves an 

initial pass of the data set to accumulate a statistical model of the data, and a second pass is then 

made to encode the symbols. The model has to be carried along with the compressed data, so that 

the decoder can decompress the codes correctly. In the case when models of higher order are used, 

the expense of storing the model becomes increasingly large. One way to overcome this drawback is 

to use adaptive coding. Adaptive coding works by adjusting the model in accordance with the data 

previously seen, with no knowledge of forthcoming data. It is no longer a requirement to transmit the 

model, but the encoder and decoder must begin with the same model.

Dictionary-based schemes typically work by replacing a group of symbols by a reference to where that, 

group appears in a dictionary. These methods are also either static or adaptive, i.e. the dictionary 

may be fixed or constructed during compression.

Data compression techniques may also be classified into either lossy or lossless. Lossy data compression 

concedes a loss of accuracy in exchange for increased compression. Hence, the decompressed data is not 

exactly the same as the original data. Lossy techniques are most commonly used in the compression 

of images and sounds. Lossless compression describes those methods where an exact duplicate of the 

original data is produced after decompression. Lossless compression is frequently used for storing 

word processing files, database records and other such data.
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2.3 Huffman Coding

Huffman [19] developed a system of coding where statistically independent samples are coded such

that the resulting average code length is at a minimum, i.e. very close to the sample entropy.

In order to achieve compression whilst ensuring instant decodability, the following conditions must be

satisfied:

• Each symbol must be given an unique codeword.

• No codeword is the prefix of another longer codeword.

• The length of codeword is never less than the length of a more probable codeword. 

The Huffman tree may then be constructed as follows.

1. Arrange the symbols in descending order according to source probabilities.

2. Locate the two symbols with the lowest probabilities pi and pi and create a new node with 

probability pi + Pa •

3. Repeat the process using the new node instead of the original two, until only one node remains 

with probability 1.

4. Assign zero to the upper branches and one to the lower branches (or vice versa).

5. Trace the path from the final node to the symbol recording the zeros and ones along the way. 

For each symbol the codeword becomes the one-zero sequence thus obtained.

Due to the prefix property of Huffman coding, each code may be unambiguously decoded, thus making 

decoding trivial.

Example

Given the following symbols with corresponding probabilities the Huffman tree may be constructed 

according to the above process as shown below. (Figure 2.1).

ABODE 

0.1 0.3 0.1 0.2 0.3

Hence the Huffman codewords are
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Cj U.O

U.J i

D 0.2 —————

r 01 °l^ U.I

A r\ 1

0 &.0 —————

0

n 9U.Z j

0

0.4—— ——

1.0

Figure 2.1: An Example of a Huffman Binary Tree.

A 111
B 01
C 110

D 10

E 00.

The average code length is given by

bits/symbol, (2.2)
i = l

where L(i') represents the number of bits in the codeword corresponding to the iih symbol. 
For this example the average code length is 2.2 bits per symbol. 

The entropy for the above example is calculated as

-(2 x (O.llog2 0.1) + (0.21og2 0.2) + 2 x (0.31og2 0.3)) = 2.17 bits per symbol.

In this example the codewords generated by Huffman coding give an average codeword length very 
close to, but not equal to, the sample entropy. However, this method does give the best results for 
an integral bit-width method (i.e. a method where the codewords generated for each symbol are of 

integer length).

2.4 Arithmetic Coding

Consider the case where a message consists of two symbols 'Yes' and 'No', with source probabilities 
being 0.9 and 0.1 respectively. The entropy for 'Yes' is calculated as 0.15 bits. An integral bit-width 
coding method such as Huffman coding, must assign a one bit codeword to this symbol, which is 
significantly larger then the optimal size. This highlights the problems of using integral bit-width
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coding methods, showing that in many cases they prove to be non-optimal, since no matter how high 

the probability of a symbol, it will still be encoded using at least one bit. Inspection of the formula for 

entropy (Equation 2.1) illustrates that Huffman coding will only prove optimal provided the source 

probabilities are integral powers of |.

This leads to another statistical data compression technique, namely arithmetic coding [20, 21]. Arith 

metic coding encodes an entire message as a single real number lying between 0 and 1, which can be 

uniquely decoded. This is an improvement on Huffman coding, since the entire message is reduced 

to an integral number of bits, rather than each individual codeword requiring an integral number of 

bits, which results in a code very close to the entropy. 

Once symbol probabilities have been obtained, the compression process works as follows:

1. Begin with the interval [0,1).

2. Divide the interval into segments, such that each symbol is assigned a segment of length pro 

portional to its probability.

3. Choose the segment corresponding to the current symbol, and divide into new segments as in 

(2).

4. Repeat (3) with the new segments, until the last symbol in the message is encoded.

5. Any number within this final interval can be uniquely decoded as the original message.

In order to decompress the original message, once again the decoder must know the model which 

was used to encode. The message is then decoded by comparing the encoded number with the set of 

intervals produced from the model and creating new intervals as described previously. The decoded 

message comprises the symbols which correspond to the intervals within which the encoded number 

falls.

Example

An example of encoding is illustrated below, with the message BBAEDDEBEC. 

Firstly the source probabilities are obtained.

A B C D E 

0.1 0.3 0.1 0.2 0.3
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The initial [0,1) range is divided up as follows.

symbol probability low value high value

A

B

C

D

E

0.1

0.3

0.1

0.2

0.3

0.0

0.1

0.4

0.5

0.7

0.1

0.4

0.5

0.7

1.0

As each new symbol of the message is considered the size of the interval is reduced.

symbol

B

B

A

E

D

D

E

B

E

C

low value

0.1

0.13

0.13

0.1363

0.13765

0.13792

0.1379956

0.13799884

0.138005644

0.13800681

high value

0.4

0.22

0.139

0.139

0.13819

0.138028

0.138028

0.13800856

0.13800856

0.138007102

range

0.3

0.09

0.009

0.0027

0.00054

0.000108

0.0000324

0.00000972

0.000002916

The last symbol to be encoded is C, any number, such as 0.138007, which lies in the range representing 

C will uniquely decode the message BBAEDDEBEC.

Decoding is achieved by comparing the encoded number with the set of intervals. The symbol corres 

ponding to the interval in which the number falls becomes part of the message, this interval is then 

divided into segments as before and once again the decoded symbol is obtained by finding the interval 

in which the number lies, etc..

In the above example the first symbol of the message must be B, since 0.1 < 0.138007 < 0.4. Therefore 

the interval [0.1,0.4) is divided into subintervals.
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symbol probability low value high value

A

B

C

D

E

0.1

0.3

0.1

0.2

0.3

0.1

0.13

0.22

0.25

0.31

0.13

0.22

0.25

0.31

0.4

Now the second symbol of the message must also be B, since 0.13 < 0.138007 < 0.22. This process

continues until the entire message BBAEDDEBEC is decoded.

When decoding a message there is an added problem of how the decoder knows when the end of the

message has been reached. This problem can be overcome by introducing a symbol which represents

the end of the message. This symbol is encoded at the end of the message, when the decoder reaches

this symbol it knows that there are no more symbols left to decode.

While the theory of arithmetic coding may be considered elementary, the implementation contains

some difficulties. The most important of these is the requirement for high precision arithmetic in order

to shrink the current interval. Witten, Neal and Cleary [20] provided the first practical implementation

of arithmetic coding.

2.5 Ziv/Lempel Compression

In 1977 Lempel and Ziv introduced the idea of dictionary based compression. The basic concept behind 

dictionary based compressors is to replace an occurrence of a particular phrase with a reference to a 

previous occurrence of that phrase. There are many variants of Lempel/Ziv compressors, but most, 

trace their roots to either LZ77 or LZ78.

2.5.1 LZ77

LZ77 compression [22] relies on a sliding window, which consists of two parts. The first part being 

a text window containing a large block of recently read symbols. The second part is a look-ahead 

buffer, which contains symbols read in but not yet encoded. Figure 2.2 illustrates this with the text 

window on the left and the look-ahead buffer on the right. During compression the encoder finds the 

longest phrase starting at the beginning of the look-ahead buffer that also occurs in the text window. 

Compression is achieved by replacing this phrase by a token, where the token consists of three items:

1. A pointer to the phrase in the text window.

2. The length of the phrase.
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abb cdd daacdddc dd dcabc

Figure 2.2: A Sliding Window.

3- The first symbol in the look ahead buffer that follows the phrase.

Once a phrase has been compressed the sliding window moves across by the number of symbols 

contained in that phrase.

Consider the example shown in Figure 2.2 the encoder would encode the phrase "dd d" as '6,4,'c", 

the text window moves across five places and five new characters are read in (Figure 2.3). When

cdd daacdddc dd dc abc abda

Figure 2.3: Sliding Window after Compression of 'dd d'.

decompressing data, the decoder maintains the sliding window as previously. Each time a token is 

read in the decoder outputs the indicated phrase and the following character, the sliding window then 

shifts and the process is repeated.

2.5.2 LZ78

When using LZ77, compression is achieved by exploiting the repetitiveness of phrases within a fixed size 

locality. Any occurrence of a phrase outside this locality has no effect on the compression. LZ78 [23] 

removes this inadequacy by abandoning the idea of the text window and introducing a dictionary, 

where the dictionary contains all previously seen phrases.

As with LZ77, LZ78 compression is achieved by replacing phrases with a token, where the token 

consists of:

1. A code that indicates a phrase in the dictionary.

2. A single character that follows that phrase.

Both encoder and decoder begin with a dictionary containing only the null string. As each new 

character is read in it is added to the current string, and this continues until the current string no 

longer matches a phrase in the dictionary. When there is no longer a match, a token is output. The
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token comprises a reference to the phrase which matched the current string prior to the last character, 

along with the last character. Each time a new phrase is encountered and a token is output, the new 

phrase is added to the dictionary. Decompression is simply the reverse of this process. An example 

of compression is shown below. The text

abb cdd daacdddcdd dcabc, 

would be compressed as follows.

Encoded Phrase Output Code Output Character

"a" 0 'a'

"b" 0 'b'
"b" 2

"c" 0 V

"d" 0 'd'
"d" 5

"da" 5 'a'

"ac" 1 'c'

"dd" 5 'd'

"dc" 5 'c'
"dd" 9

"dca" 10 'a'

"be" 2 'c'
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After compression the dictionary would be

Code

0

1

2

3

4

5

6

7

8

9

10

11

12

13

Phras
""

"a"

"b"

"b"

"c"

"d"

"d"

"da"

"ac"

"dd"

"dc"

"dd "

"dca"

"be"

2.6 Predictive Coding

Predictive coding takes advantage of the fact that most data is highly correlated and hence the value 

at any point is to some extent similar to neighbouring values. Therefore, most values may be predicted 

from neighbouring data to some level of accuracy. This type of coding may be achieved by predicting 

a value and then encoding the difference between the actual value and the predicted value. 

In general linear predictors are used, where the predicted values /(m, n) are linear combinations of 

the preceding values in the dataset I(m,n). The difference values E(m,n) are then calculated as 

7(m,n) - I(m,n). Typically, when a 2D array of values is used (e.g. an image), a linear predictor 

assumes that the first m - I rows and the first n - 1 columns of row m have been processed. Thus, 

the predictor may take the form

I(m,n) = a.I(m,n- 1) + b.I(m - l,n- 1) + c.I(m - l,n) + d.I(m- l,n+ 1),

where a, b, c and d are the prediction coefficients and are usually chosen such that a+b+c+d= 1. 

More complex methods of prediction exist where prediction coefficients may be chosen in such a way 

that the predictor becomes optimal [11], i.e. the set of prediction coefficients result in the minimization 

of predictor errors. Adaptive prediction methods also exist where the choice of prediction coefficients
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used is dependent on the local data.

If the predictor is reasonably accurate then the distribution of differences will be concentrated around 

zero and will have a lower entropy than the original data making it more suitable for compression. 

Examples of prediction will be seen later in the chapter with the lossless JPEG method. A brief 

mention is also given to delta modulation and differential pulse code modulation [18] in the section 

on speech coding.

2.7 Transform Coding

Transform coding involves using some transformation in which the data is mapped from the spatial 

domain to the frequency domain, in the hope that the transformed data becomes more amenable 

to compression. The best known transform for data compression is the Discrete Cosine Transform 

(DCT).

The DCT was introduced in 1974 [24], and is widely used in data compression applications. In the 

area of digital image compression for transmission it has been accepted as an industry standard [1]. 

The DCT belongs to a class of mathematical operations that also includes the Discrete Fourier Trans 

form (DFT). The DCT is very similar to the DFT: it transforms a signal or image from the spatial 

domain to the frequency domain. The major objective of any transform coding is to make as many 

transform coefficients as possible small enough to be insignificant. Thus only a small number of DCT 

coefficients are required to obtain a good approximation of the original data.

The DCT is performed on an NxN square matrix of integer values, and yields an NxN square matrix 

of frequency coefficients (Figure 2.4). The most significant DCT coefficients are concentrated around

DCT

Pixel Values DCT Coefficients

Figure 2.4: Spatial Domain to the Frequency Domain.

the upper left corner, the significance of the coefficients decays towards the lower right corner. The 

first coefficient, the "DC coefficient", represents the average of all the data values within the block, 

all other coefficients are the "AC coefficients".

The formula for the forward DCT (Equation 2.3) along with its inverse (Equation 2.4), applied to a 

matrix Terrain (N,N), is shown below.
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Forward DCT

DCT(»,j)= 77
AT-l AT-1

E \ ^ 

^•>_^
1=0 y=0

,,, cos cos (2.3)

Inverse DCT

Terrain(a;, y) = V
i=0 j=0

In these equations:

N is the size of the block;

x,y are co-ordinates in the spatial domain;

i, j are co-ordinates in the frequency domain; and

cos (2.4)

1 otherwise.

Example

Consider the 8x8 section of data illustrated in Figure 2.5. Applying Equation 2.3 results in the matrix 

of DCT coefficients shown in Figure 2.6. The data may be reconstructed by applying the inverse

140 144 147 140 140 155 179 175
144 152 140 147 140 148 167 179
152 155 136 167 163 162 152 172
168 145 156 160 152 155 136 160
162 148 156 148 140 136 147 162
147 167 140 155 155 140 136 162
136 156 123 167 162 144 140 147
148 155 136 155 152 147 147 136

Figure 2.5: Section of Data.

DCT (Equation 2.4) to the DCT coefficients, which results in the section of data shown in Figure 2.7. 

Comparing the original data (Figure 2.5) and the reconstructed data (Figure 2.7) illustrates that they 

are not the same. This is to be expected since the DCT coefficients shown here are real numbers 

represented as integers, which results in rounding errors. 

Many lossy image compression schemes invite the user to predefine the quality required from the
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303 -4 4-2 6 -2 -3 -5
5 
3
•2 
1 
1 
2 
0

-9 
-6 
-1 

2 
-1 

0 
-2

7 
0 
4 
2 

-5 
-1 
-1

-2 
2 

-4 
0 
2 
1 
0

-3
-5 
-2 
-3 

2 
0 
0

3
1 

-1 
4 

-1 
-2 

1

3
-5 
-1

5 
0 
0

-2

2 
0 
2 
4 

-2 
0 
0

Figure 2.6: DOT Coefficients.

140 144 147 138 139 155 180 176
148 152 139 146 148 148 169 178
152 154 136 168 164 162 153 171
168 145 156 161 152 156 135 161
162 150 158 149 140 135 146 163
150 167 140 156 155 140 134 163
137 158 123 169 161 145 140 146
150 153 137 154 152 149 145 136

Figure 2.7: Reconstructed Data.

decompressed image, thus allowing the user to determine the trade-off between reconstructed image 

quality and compression. One way to achieve this would be to allow the user to decide upon a numer 

ical 'quality' value, where the higher the value chosen, the greater the compression, at the expense of 

picture degradation. This scheme may be implemented by Equation 2.5.

Quantise, Va.uefc fl = ; + ((] ^. (2.5) 

During decompression the dequantization formula is simply

DCT(i,j) = Quantized Value(i,j) x (1 + ((1 + i + j) x Quality)). (2.6)

As a result of quantization many high frequency coefficients become zero, and are therefore easier 

to code, while the low frequency coefficients are subject to only minor adjustments. Typically, after 

quantization, the DCT coefficients are ordered in a 'zigzag' pattern prior to compression (further 

details of JPEG's use of this scheme are described in Section 2.9.3).

Image compression methods that use the DCT often involve quantization. Quantization is way of 

selectively reducing precision in the low energy DCT coefficients, with minimum effect to the image. 

This is essentially the lossy step of image compression techniques which use transform coding.



CHAPTER 2. DATA COMPRESSION TECHNIQUES AND APPLICATIONS 21

2.8 Vector Quantization 

2.8.1 Quantization

Quantization may be considered as one of the most common forms of data compression. In its simplest 

form, a quantizer observes a single value and selects the nearest approximating value from a predefined 

set. This type of quantization is called scalar quantization (i.e. when each single value is quantized). 

The most common form of all scalar quantizers is the uniform quantizer, where the quantization in 

tervals are equal and are represented by their midpoints. More complicated systems do exist, whereby 

the quantizer is tailored to specific input statistics.

Applications of scalar quantizers can be seen in areas of image compression, including transform cod 

ing techniques and successive approximation methods [29]. Scalar quantizers are also an integral part 

of analogue-to-digital conversion (e.g. Pulse Code Modulation (PCM)) [18], and consequently play 

an important part in speech compression with the widely used Differential Pulse Code Modulation 

(DPCM).

Instead of quantizing each sample individually we may approximate a sequence of n samples (i.e. a 

vector) by a sequence selected from a codebook. This is called vector quantization (VQ) [26]. Scalar 

quantizers are, in fact, special cases of vector quantizers, as indeed, a scalar is also a special case of a 

vector.

In summary, the vector quantizer takes a vector X, and a predefined codebook of vectors, and out 

puts the index of the code-vector from the codebook which represents X with minimum distortion 

(Figure 2.8).

X Quantizer -*- Index

Codebook

Figure 2.8: The VQ Process.
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2.8.2 Vector Quantization of Images

In image compression the VQ encoder proceeds as follows. The original image is decomposed into n- 

dimensional image vectors. Each image vector, X, is then compared with a collection of code-vectors, 

Xi, i = I,..., Nc taken from a previously generated codebook. The best match code-vector is chosen 

using a minimum distortion rule, i.e., choose Xk such that

d(X,Xk)<d(X,Xj) Vj = l,...,Nc ,

where d(X,X) is the distortion incurred by replacing X with Xk-

The most common distortion measure used in image VQ is the mean squared error distortion measure

(MSB), i.e.,

t=i 
Other distortion measures do exist, many of which can be application dependent.

The index of the chosen code-vector (k) is then stored/transmitted; fixed-length coding is generally

used.

Decoding in VQ is trivial, since a simple table look-up procedure is employed.

Example

The fundamental idea of VQ can be seen in the following simple example. Consider the case concern 

ing two-dimensional vectors. Figure 2.9 shows a set of these vectors. Figure 2.10 shows how the space 

may be split in such a way that only five code-vectors are needed to represent all the vectors to a 

reasonable degree of accuracy.

Figure 2.9: Initial Vectors.
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Figure 2.10: Resulting Codebook.

The number of code-vectors in the codebook is usually chosen so that a predetermined bit rate may 

be achieved. The relationship between Nc and the bit rate is shown below.

Iog2 Nc
R = bits/pixel

As one would expect, as the size of the codebook increases (Nc ), the average distortion is reduced, 

however, this is achieved at the cost of compression and computational time. Conversely, as n increases 

the average distortion also increases but the bit rate is reduced. Hence, once again, there is a trade-off 

between compression and error.

2.8.3 Scalar vs Vector Quantization

With VQ there is an opportunity for further compression over scalar quantization. 

As stated previously, the bit rate of a VQ scheme is

Iog2 Nc
R = bits/pixel.

If each of the n values in an image vector were quantized individually, with M quantization levels, as 

in scalar quantization, then the corresponding bit rate would be

Iog2 M"
R = = Iog2 M bits/pixel.

This shows a significant difference between VQ and scalar quantization, in that, scalar quantization 

(followed by a fixed-length coding scheme) cannot achieve bit rates less than one bit/pixel, whereas a 

vector quantizer can. In fact, VQ can approximate the rate distortion bound arbitrarily closely (as n 

increases), but a scalar quantizer cannot [27]. (The rate distortion bound is the theoretical minimum
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average source rate (in bits per sample), required for a signal at a given distortion.) 

The complexity of VQ is much greater than that of scalar quantization. A considerable amount of 

memory is required for storage of the codebook. Also, the quantization of a vector requires a large 

number of calculations.

2.8.4 Codebooks and Codebook Generation

VQ is a powerful tool for lossy compression when a good codebook is supplied, but the need to create 

this codebook for each individual image can have major drawbacks. In particular, little compression 

is achieved when codebooks have to be stored/transmitted with each image. Also computational 

complexity increases significantly when the codebook is generated as part of the compression process. 

Codebooks that are generated for each image are called local codebooks.

In image compression global codebooks are frequently used, where the codebook is generated by using 

several images of a similar type as a training set. Therefore the codebook has been generated prior 

to compression and a duplicate codebook is assumed to be available for decompression. In this case 

any storage overhead incurred may be dispersed between all images which use that codebook.

The design of the codebook is the main problem with VQ. The codebook vectors have to be chosen 

such that they are representative of the input vectors. In practice the codebooks are usually designed 

using an iterative procedure applied to a large training set of data. In image compression, the training 

procedure is based on the following two necessary conditions that must be satisfied for an optimal 

minimum MSB quantizer:

1. The Nearest Neighbour Condition:

Q(x) = yi \ftd(z,yi )<d(x,yj ) Vj, 

where Q(x) is the quantized value of x.

2. The Centroid Condition:

For a given cluster of vectors, C — {ci,..., cs }, the optimal code-vector satisfies:

jft = Cent(C),

where Cent is the centroid of the cluster calculated as
1 s 

Cent(C7)= ~X] C"s
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The second condition is dependent on the distortion measure employed.

When using the idea of an iterative algorithm, which reduces the distortion at each step, an initial 

codebook must be found. There are a variety of techniques for generating an initial codebook, such 

as random coding (where a set of code-vectors are randomly chosen from the training set). One of the 

better methods for finding a codebook is the pairwise nearest neighbour clustering algorithm, which 

is described below.

Pairwise Nearest Neighbour (PNN) Design

The pairwise nearest neighbour (PNN) algorithm is a pruning algorithm, i.e. it starts with the entire 

training set as a codebook and iteratively reduces the number of code-vectors until the desired number 

is reached.

1. Place all image vectors in the codebook.

2. Calculate the distortion between all pairs of code-vectors.

3. Combine the two code-vectors having the smallest distortion into a single cluster and represent 

them by their centroid.

4. Repeat from 2 until the required number of code-vectors are obtained.

The calculations required for Step 3 are obviously time consuming for large codebooks.

The PNN method is frequently used to generate an initial codebook for the Linde-Buzo-Gray (LEG)

algorithm [26] which is described below.

Linde-Buzo-Gray (LEG) Algorithm

The LBG (also referred to as the Generalized Lloyd Algorithm (GLA) algorithm [26]) is the most 

widely used method for VQ codebook design. The method iteratively improves the codebook starting 

from some initial codebook. Each iteration consists of two stages. First the training set is partitioned 

into Nc clusters, by applying an appropriate distortion measure to each training vector and assigning 

it to the code-vector that results in the least distortion. Next, a new codebook is formed by taking 

the centroid of each cluster a$ a code-vector. With each iteration the average distortion decreases 

or remains the same. The process stops when the difference in average distortion from consecutive 

iterations reaches some threshold value.

1. Initialize the codebook.
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2. Partition the data into Nc clusters, one for each code vector (using the Nearest Neighbour 

Condition).

3. Form a new codebook by taking the centroid of each cluster as a code vector (using the Centroid 

Condition).

4. Calculate the average distortion between the original and the quantized training set.

5. If the average distortion is less than a preset threshold, then terminate the process, otherwise 

repeat from 2.

2.8.5 Progressive VQ

While VQ certainly offers competitive compression for images, the computational complexity is far 

less impressive. VQ is severely limited to modest vector dimensions and codebook sizes, due to the 

complexity involved in carrying a full search of the codebook and of course the storage of the code- 

book. The complexity of performing a full search is dependent upon the vector dimension, n, and the 

codebook size, Nc .

This complexity problem does not eliminate VQ as a viable coding method, but does suggest that 

certain structural constraints on the codebook may be of benefit. This leads to structurally con 

strained VQ. The classic examples are tree structured VQ and multistage VQ [26]. Both methods 

have the added advantage that they appear to lend themselves well to the idea of progressive com 

pression/transmission.

2.9 Image Compression and JPEG

2.9.1 An Introduction to Image Compression

Increases in the use of complex graphics (which consume prodigious amounts of storage) have led to 

much research in the area of image compression.One of the more frequently used methods of repres 

enting images is via the bitmap format (e.g. the Microsoft Windows Bitmap - BMP) [28]. Essentially 

the bitmap data contain either red/green/blue pixel values or colour palette indices (where a colour 

palette is defined in the file header for images with few colours). The data is then stored sequentially 

from the bottom up, i.e. the first row stored represents the bottom row of the image. BMP files can 

allow for some compression, the method used is a type of run-length encoding (RLE). RLE enables 

large areas of non-changing pixels to be compressed by counting their run-lengths, so the data is then 

reduced to alternating pixel values and run-lengths. Although this scheme is quick and ensures exact 

reproduction, it is not considered a good compression method.
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The continuing use of the Internet as a method of transmitting images has prompted increased pop 

ularity for the GIF (Graphics Interchange Format) and JPEG (Joint Photographic Expert Group) 

compression schemes. The common bitmap format, and others like it, appear to be almost outdated, 

particularly in the area of image transmission.

GIF utilises LZW compression [1]. The file contains a colour table listing all the colours used within 

the image, these colours are then used as words in LZW. The colour table may only include up to 256 

different colours, as the number of colours in the table approaches 256 compression becomes worse, 

thus limiting the usefulness of GIF for real world images (e.g. photographs). JPEG does not have the 

same problem, in fact JPEG is at its best when compressing these types of images. 

In general, images have an advantage over other data with regard to compression: they may be slightly 

modified during compression/decompression with little consequence to the user, i.e. minor changes to 

the shades in an image are likely to go unnoticed by the human eye. Since many image compression 

techniques are intended for compressing images that will be observed by the human eye, they tend to 

exploit these limitations and result in lossy compression.

One of the more popular image compression methods is the JPEG still picture compression stand 

ard [29, 30, 31, 32]. Whilst JPEG is essentially used in its lossy state it does incorporate other modes 

of compression. There are four modes contained within the standard:

• lossless,

• baseline,

• progressive,

• hierarchical, 

each of which are described in detail.

2.9.2 Lossless Encoding

The error-free or lossless mode of JPEG simply codes the difference between each pixel and its pre 

dicted value, where the predicted value is a function of the pixels above and to the left of the current 

pixel. The corrections are then encoded using an entropy encoder (such as Huffman or arithmetic 

coding).

This is an example of entropy reduction prior to redundancy reduction, where preprocessing of the 

data is carried out in an attempt to reduce the information content, before the redundancy is reduced. 

JPEG offers a choice of possible predictors based on the neighbouring values (Figure 2.11), where x-
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is predicted from the known values a, 6 and c. Any one of the predictors shown in Table 2.1 may be 

used. As expected the cost of an error-free image is a much worse compression ratio compared to

c b 
a x

Figure 2.11: 3-sample Prediction Neighbourhood.

Selection Value
0
1
2
3
4
5 
6
7

Predictor
no prediction

a
6
c

a + 6 - c
a+((6-c)/2) 
6+((a-c)/2) 

(a + 6)/2

Table 2.1: Predictors for Lossless Coding.

the lossy modes.

Further developments have been made in the area of lossless predictive coding with the introduction 

of slightly more complex predictors [33]. JPEG have introduced a new lossless compression standard, 

JPEG-LS. This new standard is an adaptive technique that switches between three simple predictors, 

the choice of predictor used is based on a form of edge detection (Equation 2.7). Full details of the 

standard can be found in [34].

x =
min(a,&) ifc>max(a,6)

max(a,6) ifc<min(a,fe)

a + b — c otherwise

(2.7)

2.9.3 Baseline Encoding

As a result of the DCT's energy compaction properties, it has been chosen as a basis for the JPEG 

baseline scheme. Baseline encoding is essentially the basic JPEG compression scheme. This baseline 

scheme consists of three steps: the forward discrete cosine transform, quantization and Huffman cod 

ing.

Prior to the DOT, JPEG separates the image into 8x8 pixel blocks. (Larger size blocks were ex 

amined by JPEG but the results suggested that any benefits were not sufficient to justify the increase
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in complexity [29].) Each block is then independently transformed using the DCT.

The DCT coefficients are then quantized. JPEG quantizes the coefficients in accordance with a

quantization table, where the user defines a quality factor which is used to construct the table. Each

coefficient is then divided by the corresponding quantum in the quantization table.

All the quantized coefficients are then arranged into a zigzag sequence as shown in Figure 2.12. This

Figure 2.12: Zigzag Ordering of DCT Coefficients.

ordering helps to facilitate entropy coding by placing the low frequency coefficients (which are typic 

ally nonzero) before the high frequency coefficients.

There is usually a high degree of correlation between the coefficients of adjacent blocks, and this may 

be exploited to increase the compression. The differences between neighbouring DC coefficients will 

almost certainly be encoded in fewer bits than the original value.

Each nonzero AC coefficient is represented in combination with the 'run-length' of zero-valued AC 

coefficients preceding it in the zigzag sequence. Each combination consists of three pieces of informa 

tion:

1. run-length: this is the number of zero-valued coefficients in the sequence preceding the nonzero 

coefficient being represented.

2. size: this is the number of bits used to encode the amplitude.

3. amplitude: this is the amplitude of the nonzero AC coefficient.
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These combinations may then be encoded, (Wallace [30] gives full details of how these combinations 

are encoded).

2.9.4 Progressive Encoding

The ever increasing desire for time efficiency has led to the development of progressive compression 

(which is covered by JPEG and to a lesser extent by GIF). Essentially progressive compression is used 

when the communications link is significantly slower than the decoder. It works by ensuring that in 

the initial pass the most important information is sent and all succeeding information serves only to 

increase the accuracy of the compressed image. Thus a viewer may get an idea of the content of an 

image before it is completely transmitted.

The JPEG progressive mode is simply an extension of the baseline mode. Once again the data is 

separated into 8x8 blocks and the DCT coefficients are obtained and then quantized. 

JPEG suggests two methods of progressively encoding the DCT coefficients:

Spectral Selection

In spectral selection, only a specified subset of the coefficients from the zigzag sequence are encoded 

within a given scan. The lower frequency coefficients are sent in the initial scans, followed by high 

frequency coefficients in subsequent scans.

Successive Approximation

Successive approximation is a way of transmitting the data at varying levels of precision. This is 

achieved by a series of scans over the data. In the first scan the most significant bits are transmitted, 

in the second scan the next most significant bits are transmitted, this continues until the least signi 

ficant bit is transmitted in the final scan. 

Both methods can be used independently or may be combined.

2.9.5 Hierarchical Encoding

Hierarchical Predictive Coding (HPC) was developed as a compression scheme for digital images. 

HPC is typically used in applications in which a very high resolution image must be accessed by a 

lower resolution device. It is based on the idea that the data will be encoded in the form of a quality 

hierarchy, where the lowest layer contains the minimum information for reconstruction and succeeding 

layers increase quality.
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The algorithm begins by down-sampling the original image by multiples of two in both directions. 

For instance a 512x512 image may be decomposed into the following four levels: 512x512, 256x256, 

128x128 and 64x64, with the final reduced image being the 64x64 image.

Prior to down-sampling the image a low pass filter [35] is passed over the data. Low-pass filtering 

is used to attenuate those components that characterize sharp details in an image such as edges and 

spurious noise. The effect of low pass filtering is image smoothing. An example of a typical low-pass 

filter is shown in Figure 2.13. In this case where there is a horizontal and a vertical filter they are done 

in sequence. The output of the filter is then normalised by dividing by the sum of the neighbouring

1 2 1

Figure 2.13: An Example of a Low-Pass Filter.

weights. The horizontal low-pass filter in Figure 2.13 is applied to an image, /, by replacing the pixel 

value at Ii:j by (/i_i,j + (2 x 7,-j) + 7,-+u )/4.

Filtering is necessary since any sub-sampled points used in down-sampling may not be good represent 

atives of the area from which they are taken. Low pass filtering attempts to eliminate this problem. 

The down-sampling is achieved by constructing the reduced image from every other row and column 

within the smoothed image. Figure 2.14 gives an example of a section of data before and after low-pass 

filtering and down-sampling.

The low-pass filtering and down-sampling are repeated until the reduced image is of a sufficiently 

small size.

The up-sampling filter (Figure 2.15) uses bilinear interpolation; the interpolated value is calculated 

using Equation 2.8. An example of the up-sampling process is shown in Figure 2.16.

a + bx = (2.8)

After down-sampling the reduced image is then up-sampled (using the up-sampling filter), and at 

each resolution a difference image is formed as the difference between the up-sampled image and 

the original image at this resolution. Figure 2.17 illustrates the reduction of a 512 x 512 image and 

shows which images are up-sampled to calculate the difference images . The reduced image is then 

compressed (it may be compressed using the JPEG baseline mode or lossless mode), along with the
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Original Data

15 24 16 8 19
11 12 15 11 17
13 14 38 42 15
18 21 17 27 19
16 14 13 17 21

Data After Horizontal 
Low-Pass Filter

18 20 16 13 15
11 13 13 14 15
13 20 33 34 24
19 19 21 23 22
15 14 14 17 20

Data After Vertical 
Low-Pass Filter

16 18 15 13 15 
13 17 19 19 17 

*• 14 18 25 26 21 - 
17 18 22 24 22 
16 15 16 19 21

Data After 
Down-Sampling

16 15 15
14 25 21

16 16 21

Figure 2.14: An Example of the Down-Sampling Process.

a X b

Figure 2.15: An Example of an Up-Sampling Filter.

various difference images. Typically the values in the difference images are small, and can be encoded 

and stored with a lower number of bits. HPC as described above results in lossless compression of the 

original image, (provided the encoding of the reduced image is lossless). However, the compression 

ratio may be improved by quantizing the difference images, which would give lossy compression.

2.10 Speech Compression

Speech compression techniques may be grouped into two categories: waveform coding and voice 

coding [18]. Typically a higher compression ratio is obtained with voice coding techniques than with
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Data After Horizontal 
Up-Sampling

16 16 15 15 15
14 20 25 23 21

16 16 16 19 21

Data After Vertical 
Up-Sampling

16 16 15 15 15
15 18 20 19 18

* 14 20 25 23 21
15 18 21 21 21
16 16 16 19 21

Figure 2.16: An Example of the Up-Sampling Process.

512x512
512x512

128x128

64x64 I—I

Reduced Images

128x128

Difference Images

Figure 2.17: Hierarchical Predictive Coding

waveform coding techniques.

Waveform coding compresses the speech signal in such a way that it can be reconstructed at the

receiving end in the manner of a redundancy-reduction technique. Waveform coding utilizes many

standard techniques, in particular transform coding and predictive coding.

In Pulse Code Modulation (PCM) the original analogue signal is sampled and each sample is quantized

and transmitted as a digital signal. Instead of quantizing each sample, the next sample may be

predicted and the difference between the predicted value and the actual value may be quantized and

transmitted. This is the basis of Differential Pulse Code Modulation (DPCM) and Delta Modulation
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(DM). DM is a predictive coding technique in which the difference between a given sample and its 

predicted value is quantized into one of two levels. If the difference is positive a T is sent and if 

the difference is negative a '0' is sent. This is a special case of DPCM using a '1-bit quantizer'. Due 

to quantization. These predictive methods are all lossy techniques (which result in negligible error 

in terms of speech compression). A lossless result may be achieved by using a lossless technique to 

encode the error residual.

Voice coding extracts sufficient parameters from the speech signal at the transmitting end such that a 

facsimile of the speaker's voice may be synthesised at the receiving end with some minimal distortion. 

These techniques do not attempt to reproduce the waveform of the original signal, instead they 

produce another waveform that sounds like the original. Unlike waveform coding techniques, voice 

coding techniques are unique to speech compression, since they utilize information about the human 

voice and how it is produced.

2.11 Video Compression

The Motion Pictures Expert Group (MPEG) was founded in 1988, in response to the need for a com 

mon standard in the area of coded representation for moving images. MPEG-1 was the first standard 

developed by the group, but has since been succeeded by MPEG-2 and MPEG-4. A simplistic descrip 

tion of the methods first employed in MPEG-1 are presented below, a more thorough examination 

can be found in [16, 36].

The nature of images suggest, given a picture of an object, then correlation is expected within the 

image (i.e. spatial redundancy), if the object were moving between images, strong correlation would 

be expected between neighbouring images also (i.e. temporal redundancy). Intraframe coding shall 

be used to define coding within a single image, or frame, of the sequence, interframe coding refers to 

the coding between frames.

MPEG utilises the JPEG standard for intraframe coding, the image is divided into 8x8 blocks and 

each block is then compressed using the technique described in Section 2.9.3. Interframe coding is 

achieved by using either past or future frames to attain a prediction for the current frame, a motion 

vector is also found which indicates the movement between frames. The predictor error is then coded 

using the DCT. The quantized DCT coefficients and the motion vector are then Huffman encoded.



Chapter 3

The Effects of Error in Standard 
Compression Techniques for DEMs

3.1 Introduction

The representation of terrain by a gridded Digital Elevation Model (DEM) requires a large amount

of data which increases with the resolution. In order to capture the subtle variations of terrain, a
fine resolution is required, which inevitably involves some redundancy. For this reason it becomes
apparent that some form of compression is essential for efficient storage of DEMs.

As the accuracy of DEMs may be questionable (Section 1.2.2) it would seem desirable that any DEM
compression method used should be lossless, since any errors incurred in compression are likely to

reduce the accuracy of the DEM even further.

The work in this chapter assesses the suitability of some standard data compression techniques for

compressing DEMs. The suitability is determined by the method's potential for withstanding any
error which may occur in the compressed data. In order to assess the effect of errors, bit errors are

inserted into the compressed file, which is then decompressed. The decompressed data may then be

compared to the original data to detect any resulting errors.

In the following work two DEMs shall be used, namely ST06 and ST08, which represent Ordnance

Survey (OS) 20 x 20 km grids of South Wales sampled at 50m intervals and rounded to the nearest

metre. They are shown in Figures 3.1 and 3.2.

3.2 The Use of a Predictor

Franklin [37] suggests that currently available compression techniques (particularly image compression 

techniques) are sufficiently effective for DEMs that such techniques may be used. However, Kidner

35
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Figure 3.1: OS ST06 401 x 401(20 x 20 km) DEM of the South Wales Coast (Elevations are given in 
metres).

and Smith [38, 39] have argued that with little effort the DEM may be conveniently restructured into a 

format more favourable for conventional compression algorithms. An example of simple restructuring 

of a DEM is given in [2] and is described below.

Huffman coding is at its most efficient when applied to a peaked distribution of values, where the 

majority of values cluster around a single point. The probability distribution of the elevations involved 

in a DEM will be relatively uniform, hence the elevations are required to be represented in such a 

way that the they follow the peaked distribution as described. This may be achieved by employing a 

linear predictor method as follows:

Given the following elevations:
a 6

c d 

if a, b and c are known, then d may be predicted by the formula

d = c + b- a. (3.1)

For such a predictor it is required that the first elevation must be kept in its original form. It is 

necessary to apply a different predictor for the first row and the first column of the DEM; the simple 

predictor b = a may be used for the initial row and similarly c — a for the initial column. The predictor
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Figure 3.2: OS ST08 401 x 401(20 x 20 km) DEM of the South Wales Valleys (Elevations are given 
in metres).

is then used along each row, beginning at the first column of the first row (Figures 3.3 & 3.4).

The corrections between the predicted elevation (d) and the actual elevation (p), calculated as e — d—p,

may then be compressed by any standard compression method. Provided that the compression method

used is lossless the DEM will be reconstructed exactly on decompression.

Using such a predictor results in a reduction in the entropy of the data, thus reducing the number of

bits required for the Huffman codes.
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Figure 3,3: An 8 x 8 Section of Elevations.

Some work has been done on developing optimal predictors for OEMs using the method of Lagrange
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Figure 3.4: The Resulting Corrections after Applying the Linear Predictor to the Elevations in Fig 
ure 3.3.

multipliers [4, 40]. The results presented for ST08 and ST06 (Table 3.1) illustrate that the 8-point 

predictor described in [40] results in a slightly lower entropy than the linear predictor described above. 

Both predictors produce significantly lower entropies than the original terrain. (The 8 point optimal 

predictor results quoted in Table 3.1 are taken from Lewis [40]).

Original Terrain 
Linear Predictor 
Optimal Predictor

ST06 (bpe)
5.3006 
1.8801 
1.7651

ST08 (bpe)
8.3742 
3.1976 
3.0310

Table 3.1: Comparison of 0 Order Entropies for Prediction Methods (in bits per elevation).

Due to its simplicity, along with the acceptable results achieved, the linear predictor described above 

has been implemented in the following work.

3.3 Comparison of Compression Methods

In this work, Nelson's [1] implementations of some popular compression methods are used. A saving

may be made by simply converting an ASCII file of elevations into a binary file; here this conversion

has been done prior to compression. The elevations are represented by two bytes and the corrections

by one byte (the number of rows, number of columns and first elevation have been removed from the

corrections).

The compression methods are applied to both the raw elevations and the linear predictor corrections,

the results are shown in Table 3.2.

As expected the bits per elevation (bpe) for the compressed corrections are significantly lower than

the corresponding values for the elevations. The n^ order arithmetic coder gives the best results in
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Compression Method
Uncompressed 

Data
Huffman Coding with LP 

(Kidner fc Smith [2])
Adaptive Huffman 

Coding [1]
Adaptive Order N Model 

with Arithmetic Coding [1]
Liv/Zempel/Welch 
12 Bit Encoder[l]

0 Order Entropy

ST06 
Elevations

16

_

6.2132

5.9241

4.8253

5.3006

ST06 LP 
Corrections

8

1.9681

1.9676

1.7049

1.8186

1.8801

ST08 
Elevations

16

_

10.3558

7.8352

14.0166

8.3742

ST08 LP 
Corrections

8

3.2375

3.2417

3.1330

3.6277

3.1976

Table 3.2: Comparison of Compression Programs (bits per elevation (bpe)).

each case, excluding the compression of the elevations for ST06, where LZW improves upon arithmetic 

coding.

3.4 Propagation of Predictor Errors

The use of a predictor has been shown to provide a significant increase in compression performance 

for DEMs, however this method does have an important disadvantage. When using the predictor 

method, values are reconstructed from preceding elevations and should those elevations be in error, 

then the current elevation will also be incorrect.

The propagation of errors when using a linear predictor is shown in Figure 3.5. The errors highlighted 

show where the error was introduced. For example, once an initial error (Ei) has been introduced 

into the compressed data, because of the use of the predictor, all succeeding points will be in error 

by EI also. Similarly if another error (E2 ) is introduced into the data , the error at this point and 

all succeeding points will become Ej, + E2 . The overall error at any point (m,w) (i.e. at row m, 

column n) may be defined as:
m n

Error (Tn)tl) = ^ ̂  E(itj) (3.2)
i=0 j=0

where E(ij) is the error introduced at position (i, j).
Figure 3.6 shows an example of the reconstructed data after random errors (resulting in 2 bit errors) 
were introduced into the linear predictor corrections. Comparing this with the original data (Fig 
ure 3.2) it is apparent that the insertion of error has had the effect of reducing the height of elevations 

in a uniform manner in such a way that the basic shapes of the terrain are retained. The black squares



CHAPTER 3. ERROR IN COMPRESSION METHODS FOR DBMS 40

0
0
0
0
0
0
0

0

+

EJ.

I + EZ
i + EZ

E* I E1 ' £/Z T -C/3

EZ -f" E3

0
El

ET.

E3 EI
EZ ~{- E3 
EZ + E3

+

Figure 3.5: Propagation of Predictor Errors.

in the lower right hand corner of Figure 3.6 indicate where the elevations fall out of the range of the 

original data, and in this case illustrate negative elevations. Figure 3.7 shows the difference between 

the original data and the erroneous data, where the differences are simply calculated by subtracting 

the original data from the erroneous data. The pattern described in Figure 3.5 can clearly be seen 

with the errors occurring to the bottom right of the DEM, with E\ = 64 and EZ = 16.

rn^ 70-119
[——] 120 - 169 
| | 170 - 219 
|——| 220 - 269 
[~"~] 270 - 319 
f~~| 320 - 369 
|——| 370 - 419 
|——| 420 - 470 
•• No Datj

Figure 3.6: ST08 after the Insertion of Errors into the LP corrections.

Therefore, when using this linear predictor the data will never become correct once errors have been 

introduced (unless the fcth error inserted, Ek , is equal to - £,?=? EI). It should be noted that the
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Figure 3.7: The Difference between ST08 and the LP Erroneous Data.

predictor employed will have a significant effect on the propagation of errors throughout the data. For 
example, the JPEG predictor (o + 6)/2 would reduce the size of the errors provided no further error 

occurred in the data.
In the following sections, unless stated otherwise, the elevations are compressed so the effect of error 

on the compression method may be observed without the presence of predictor errors.

3.5 Huffman Coding

Before discussing the tolerance of Huffman coding to errors, it is necessary to define some terminology. 
Slippage shall describe the event when, due to error, the number of symbols decoded is not the 

same as the number of symbols that were encoded. Synchronization shall be used to refer to the 

state when encoder and decoder identify the beginnings of a codeword in the same way. Strong 

synchronization is said to have occurred when synchronization is achieved without slippage. Finally, 

weak synchronization is the term used to describe synchronization with slippage. 

For example, consider the following code:

A = 11, B = 01, C = 10, D = 001 and E = 000,
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and the message EBDCA which gives

000 01 001 10 11 .

If an error occurs in position two of the encoded message, then the following is received:

^OO.HM)! V 10/sll_/, Case A

which gives the message BDDCA. Now consider the case when positions two and three are in error: 

01 10 10 01 10 11 , Case B

which decodes to BCCBCA.

Case A exhibits no slippage (since the number of decoded symbols equals the number of encoded

symbols) and ^synchronization, hence, this is an example of strong synchronization. Case B illustrates

slippage (six symbols are decoded, whereas only five were encoded) and resynchronization, therefore

this is weak synchronization.

When inserting an error into Huffman encoded data there are two basic effects when decompressing:

» There is no loss of synchronization. 

• There is loss of synchronization.

In the first case, the error returned by the Huffman encoder will be isolated to the point where the 

error was inserted. It is generally known that static Huffman codes tend to be self correcting [41]. 

Therefore, in the second case the Huffman encoder will return incorrect data from the point where 

the code was changed until the codes re-synchronize (if they re-synchronize at all). However due to 

the nature of the data being compressed, the position of the data is of prime importance, hence weak 

synchronization will have the effect of shifting the terrain (or may result in the loss of a large portion 

of data). Hence, correct data will not be recovered unless strong synchronization is achieved. 

Figure 3.8 shows the resulting data after random errors were inserted into the static Huffman encoded 

linearly predicted corrections for ST08. There appears to be little difference between the original data 

(Figure 3.2) and the erroneous data (Figure 3.8). However when looking at the differences between 

the two sets of data (Figure 3.9) the errors are apparent, with some areas being in error of up to 

100m. Once an error occurs the majority of all succeeding data is affected. (In this implementation, 

where the elevations are encoded by column, when referring to the succeeding data from point, (t, j) 

this means all data in rows > i and columns > j.) 

Once an error has been inserted the maximum error possible would result from the greatest correction
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Figure 3.8: ST08 after the Insertion of Errors into the Static Huffman with Linear Predictor [2] 
Encoded Data.

being decoded as the smallest correction (or vice versa). Hence the maximum error from static Huffman 

coding with linear predictor is given by the difference between the lowest and highest corrections 

returned from the predictor.

Huffman Upper Bound = max(Correction) — min(Correction) (3.3)

This illustrates that the size of the errors in the decompressed data are a direct result of the variability

of the original terrain.
The propagation of the linear predictor error gives rise to a new error upper bound; the maximum

error possible at a point (m, n) is dependent on where that point occurs in the data in relation to the

initial error (*, j). For example in the worst case, each elevation after the initial error may also have

an error as denned by Equation 3.3. Thus, the propagation of these errors will result in the following

equation.

Upper Bound(m, n) = (m — i + l)(n - j + 1) X Huffman Upper Bound (3.4)

If the predictor is removed from the compression, then noticeable errors appear in the decompressed 

data as illustrated in Figure 3.10. Close examination will reveal a distinct line of incorrect data 

towards the top right side of the data. This can be seem more clearly in Figure 3.11, where a dark
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Figure 3.9: The Difference between ST08 and the Static Huffman with Linear Predictor Encoded 
Erroneous Data.

line of high errors may be seen at the beginning of the erroneous section. Larger errors have occurred 

with the removal of the linear predictor: this is largely due to the fact that the upper bound on 

the maximum error increases, since it now becomes the difference between the highest and lowest 

elevations. However, the majority of errors lie between 0 and 30.

As the model for this static method must also be stored with the compressed data, it is also susceptible 

to error. The effects of error in this instance could prove to be even more catastrophic. Depending 

on how the model is stored, codes in the model may be changed or in the worst case codes in the 

decompressed file may not be recognised.

The effects of errors on adaptive Huffman coding are far worse than in the static case. Due to the 

nature of adaptive compression the introduction of errors will have the effect of altering the model 

which the decoder is using. Adaptive methods are not known to be self synchronizing but if so it 

would have little effect here, since by the time re-synchronization occurs, the encoder and decoder are 

likely to have different representations of the codes.

Figure 3.12 shows the result after random bit errors were inserted in to the adaptive Huffman coded 

data. In this case the black squares represent those values which fall out of the range of the original 

data as well as missing values. Figure 3.13 illustrates the differences between the original data and
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Figure 3.10: ST08 after the Insertion of Errors into the Static Huffman Encoded Data.

Figure 3.11: The DiiFerence between ST08 and the Static Huffman Encoded Erroneous Data.
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the erroneous data. As expected the effect of error is significant, with well over half the data being 

completely lost.
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Figure 3.12: ST08 after the Insertion of Errors into the Adaptive Huffman Coded Data.

3.6 Arithmetic Coding

Unlike Huffman coding, arithmetic codes (adaptive or static) show no ability to recover from error [41]. 

Figure 3.14 shows the resulting data after random bit errors (2 bit errors) have been inserted into the 

compressed data. Unlike the results with Huffman coding no data has been lost here (the black squares 

only indicate data outside the original range), but approximately half the data has been corrupted by 

error and is unrecognisable as the original ST08 (Figure 3.2). Figure 3.15 illustrates the differences 

between the original data and the erroneous data.

3.7 Lempel/Ziv Methods

As with arithmetic coding, Lempel/Ziv methods do not have the capability to recover from error. 

Figure 3.16 shows the reconstructed data after random bit errors (1 bit in error) are inserted into 

the compressed data, and Figure 3.17 illustrates the differences between the original data and the 

erroneous data. Once again it is noticeable that once an error occurs in the data, all succeeding data
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Figure 3.13: The Difference between ST08 and the Adaptive Huffman Coded Erroneous Data.
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Figure 3.14: ST08 after the Insertion of Errors into the Arithmetic Coded Data.
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Figure 3.15: The Difference between ST08 and the Arithmetic Coded Erroneous Data.

is changed significantly. In this case all the data has been recovered (with no slippage) but most of 

the erroneous data lies outside the range of the original elevations. It is interesting to note that unlike 

the previous difference images, here the differences exhibit some correlation. In fact, closer inspection 

will reveal similar patterns to the original data.

3.8 Conclusions

As discussed in Chapter 2, compression removes redundancy from data, which inevitably increases

the importance of the remaining data. As expected the effect of error has proved disastrous in some

cases.

Due to the nature of the data being compressed and its use, an error of magnitude in the region of

4/5 metres or more could be taken as unsatisfactory.

The work in this chapter has shown that the magnitude of the error produced by static Huffman

coding is dependent on the difference between the highest and lowest elevations. This method may

prove to be acceptably robust against errors for very even terrain, but in the general case where we

would expect irregular terrain, this method results in large errors (in the majority of cases vastly in

excess of 5m). If a predictor is also used the extent of the error increases. The errors resulting from
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19- 69 
70- 119 
120 - 169 

| | 170 - 219 
E~~| 220 - 269 

270 - 319 
__ 320 - 369 
j | 370 - 419 
|——| 420 - 470 
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Figure 3.16: ST08 after the Insertion of Errors into the LZW12 Coded Data.
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14621-18275 
18276-21930 
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25586-29240 
29241-32896 
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Figure 3.17: The Difference between ST08 and the LZW12 Coded Erroneous Data.
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adaptive Huffman coding are certainly less predictable than in the static case and are generally far

worse.

Arithmetic coding can produce high compression ratios when using suitable source data, however this

occurs at the price of extreme vulnerability to any errors in the compressed data. Unlike Huffman

coding, arithmetic coding offers little hope of recovery after error and all subsequent data remains

corrupted. Similarly the Lempel/Ziv methods offer little encouragement in the pursuit of robust

compression.

The idea of piecewise compression schemes for robust data compression have been investigated [42].

In brief, the data is divided into blocks prior to compression. Synchronization words (which are words

inserted into the compressed data to force re-synchronization) are incorporated in such a way that the

effects of errors are confined to the block in which the error occurred. This is an inadequate solution

for robust terrain compression since should an error occur, blocks of elevations will be lost.

In conclusion, while the standard methods examined are known to give good compression, as they stand

they offer little protection against any bit errors. Inevitably in order to produce a good compression

scheme which is robust in the presence of errors, some form of error control combined with methods

such as these, is essential.



Chapter 4

Error Correcting Codes

4.1 Introduction

The origins of coding theory date back to the late 1940's, with significant contributions from Golay [43], 

Hamming [44] and Shannon [45]. Coding theory is concerned with the practice of transferring data 

from a source to a destination with minimal errors, i.e. it deals with the problems of detecting and 

correcting transmission errors caused by noise over the communications channel. In general, the 

communications system can be summarised by the diagram shown in Figure 4.1. (In terms of the 

information storage system, the storage medium may be regarded as the channel.)

Message Encoder Channel Decoder Message

Error

Figure 4.1: The Communications System.

A distinction may be made between error detection and error correction. Error detecting codes simply 

allow the receiver to determine whether the message has been received correctly, while error correcting 

codes may allow for the message to be corrected. Error detecting codes are used in circumstances 

where retransmission is an option, here the emphasis is placed on the necessity to correct errors. The 

object of error correcting codes is to add redundancy to a message in a structured fashion in such 

a way that in the majority of cases erroneous messages may be corrected. Typically, the amount of 

redundancy added dictates the number of errors correctable in the message.

One of the more common applications of error control in everyday use is the audio Compact Disc 

(CD). The use of CDs in hostile environments where vibrations or scratches may occur, necessitates

51
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the employment of reliable error correction. The CD employs a complex and effective error control 

strategy which incorporates codes known as Reed-Solomon Codes and some interleaving. This strategy 

is known as the Cross Interleaved Reed-Solomon error correction code (CIRC), developed by Sony 

and Phillips. CIRC ensures that a CD may be scratched many times while still continuing to function 

with little degradation of quality.

Regardless of the storage device or communication channel, certain conditions, such as vibration, 

moisture, electrical interference etc. may have devastating effect if error control is not used. Hence, 

error correcting codes are widely used in many applications such as radio communications and com 

puter file transfer.

In this chapter, an important family of error correcting codes, namely BCH codes, are introduced, 

along with an indication of how burst errors may be corrected. For a more detailed discussion on the 

theory presented see [46, 47].

4.2 Fundamental Ideas of Error Correcting Codes 

4.2.1 Basic Definitions

A commonly encountered model of a channel is the binary symmetric channel (BSC). The BSC receives 

and transmits two symbols, 0 and 1, and has the property that with probability p a transmitted digit 

will be received correctly, and with probability 1 — p it will not be. The BSC is illustrated in Figure 4.2.

Figure 4.2: The Binary Symmetric Channel.

A message may be thought of as a block of symbols taken from a finite alphabet. In the course of this 

work the error correction codes discussed will be applied to messages taken from the binary alphabet 

i.e. {0,1}. In this case each symbol shall be termed a message bit.

The encoder works by breaking the message into blocks of length k, and then encoding each block 

independently; k is called the dimension of the code. The codeword, i.e. the encoded message, is then
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transmitted and decoded at the receiver.

The efficiency of the code is given by the rate of the code, which is calculated as

k
Rate = -, (4.1) 

n v '

where n is the code length. The higher the rate of a code the more efficient the code is. A code of

length n and dimension k is referred to as an (n, k) code.

A code which allows for the correction of up to t errors in a block of n bits is called a <-error-correcting

code.

4.2.2 The Minimum Distance of a Code

Let u = («i, ..., «„) and v = (»i, ..., vn ). The weight, wt(u), of a codeword is defined to be the 

number of times the digit T occurs in the codeword u. The Hamming distance, d(«, v), between the 

two codewords u and v is the number of entries in which they differ. For example, if u = (11010110) 

and v = (10100010) then d(u,v) = 4.

Let C be an (n, fe) code. The minimum distance, rf, of C is the smallest Hamming distance between 

any two distinct codewords belonging to C. This code is sometimes described as an (n, fe, d) code. 

The number of errors correctable, t, by such a code is given by

_ I 4=1 if d is odd 

I ^~ if d is even.

4.2.3 Cyclic Linear Codes

A code C is a linear code if it is closed under addition, i.e. if u, v 6 C then u -f v £ C (note 

that binary arithmetic is used). For example, C = {0000,1111} is a linear code, while C = 

{0000, 1110, 1111} is not a linear code, since 1110 + 1111 = 0001 £ C. 

If v = (»!, ..., vn_i, vn ) then the cyclic shift is given as,

A linear code C is a cyclic code if the cyclic shift of each codeword is also a codeword, i.e. if v G C 

then K(V) e C.

One important class of such codes is the class of Bose-Chaudhuri-Hocquenghem (BCH) codes [51, 52]. 

In practice linear codes are often used because they lend themselves well to efficient decoding. It can 

also be noted that when looking at tables of best known codes [47] there is little difference between 

nonlinear and linear codes. BCH codes also have the advantage that the class of codes is extensive.
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For this reason, the remainder of this chapter will focus solely on the construction and decoding of 

BCH codes.

4.3 Algebraic Preliminaries
4.3.1 Galois Fields

Galois fields are the basis upon which BCH coding is based. Galois fields consist of a finite set of 

elements and two defined binary operations (addition and multiplication). A Galois field in which 

there are n elements (n prime) is referred to as GF(n). GF(2n) is called an extended binary field. 

For encoding and decoding it is convenient to represent words using polynomials: the word (10110001) 

can be represented by the polynomial 1 + x2 + x3 + a:8 .

A set of polynomials, a0 + aix + ... + an xn , where the coefficients, a0 ,..., an are elements of K, is 

denoted by Jf[x]. An element g is called a primitive element of GF(q) if g 6 GF(q) such that the 

non-zero elements of the field are {l,g,g2 , ...,gq ~2 }. A polynomial h(x) is irreducible over GF(q) 

if it has no factors in GF(q)[x]. An irreducible polynomial of degree n over GF(q) is primitive if it 

has a primitive element as a root. Irreducible primitive polynomials allow for easier construction of 

GF(2n), tables of such polynomials are available in many texts on error correcting codes, e.g. [48, 49]. 

As an example GF(24 ) is constructed with the irreducible primitive polynomial h(x) = 1 -f x + x*. 

Each element, (3*, of the field is calculated as

fi = (p-* x p) mod h(x),

with the primitive element ft =• x. 

For example,

fi7 = (/36 x ft) mod h(x)

= ((x2 + x3) X x) mod 1 + x + x 4

= (x3 + x4 ) mod 1 + x + x4

= (I + x + x3 )

= (1101)

The non-zero elements of GF(24 ) are shown in Table 4.1.

4.3.2 Minimal Polynomials

The minimal polynomial over GF(pn) of 0 is defined to be the lowest degree monic polynomial 

M(z), with coefficients from GF(pn) such that M(/3) = 0. Elements within the field may be sep-
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Word
1000
0100
0010
0001
1100
0110
0011
1101
1010
0101
1110
0111
1111
1011
1001

Polynomial modh(x)
1
X

X 2

X3

1 + X

X + X 2
X 2 +X3

1 + X + X3

1 + X 2

X + X3

1 + x + x2
X + X 2 + X3

1 + X + X 2 + X3

1 + X 2 + X3

1 + X3

Power of 0
1(= 0°)

0ft2
ft3
0*
0s
ft6
07
08
09
010

ft11
012

013

014

Table 4.1: Construction <2F(24) using h(x) = l + x + x4 .

arated into distinct cosets, each coset having the same minimal polynomial. These cosets are called 

cyclotomic cosets.

The cyclotomic coset, C8 , where /3* is the smallest number in the coset, consists of the elements 

< (3" ,flpa , j3p *, ...(3pn° " >, where ng is the smallest positive integer such that pn*s = s (mod pn — 1). 

The cyclotomic cosets for GF(24) are shown in Table 4.2.

Cyclotomic Coset
C0

C7

Elements

1 

0

of the Cyclotomic Coset

2\»°!
r , ft", ft", ft"

Table 4.2: Cyclotomic Cosets of GF(24 ).

The minimum polynomial for those elements contained in the cyclotomic coset Cs , is defined to be 

Me . Since the elements of Cs are roots of M«(x), then

M.(x)= H (*-/3J'). 
J6C.

The minimal polynomials for GF(24 ) are given in Table 4.3.
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Elements

$,$*
/33 ,/36

ft5
/37 ,/314

o/GF(24 )
0
1
/34 8s

> M > A7, /312 ,/39
,/310
,/313 ,/3"

Minimal Polynomial
x

1 + z
1 + X + X4

1 + X + X 2 + X3 + X4
1 + X + X 2

1 + X3 + X 4

Table 4.3: Minimal Polynomials of GF(24 ).

4.4 Construction of BCH Codes

BCH Codes are a popular family of multiple error correcting codes discovered by R.C. Bose and D.K.

Ray-Chaudhuri [51] and independently by A. Hocquenghem [52].

As mentioned previously a word may be represented as a polynomial, so the message

m =

—1
can be thought of as

m(x) = m0 + rrejx + ... + ra^-ix*

which is called the message polynomial. Encoding is simply the polynomial multiplication of the 

message polynomial and a generator polynomial. The generator polynomial, G(x), for a linear cyclic 

code of length n must be a factor of 1 + x". The designed distance of a code is denoted by 8, where 

S = 2t + 1 < d. The generator polynomial for an (n, fe, <5) BCH code is denned to be the product 

of all distinct minimal polynomials of /3, /3 2 ,..., /3S ~ 2 , i.e .

G(z) = l.c.m.{Mi(x)M2 (x)...M6 _ 2 (x)}.

For example the generator polynomial for a (15,5,7) BCH code is 

g(x) = Mi(x)M3 (x)M5 (x)

(Note that MI(X) = M2 (x) = M4 (x).) 

So, the message

m(x) = 11000
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is encoded as

x+x2

= 100110101111000

4.5 BCH Decoding

The decoding of a binary BCH code can be divided into three stages.

1. Computing the syndromes.

2. Determining the error locator polynomial <r(z).

3. Calculating the roots of a(z).

(In the non-binary case once cr(z) has been found, the error evaluator polynomial, w(z), must also 

be found, to determine the error magnitudes.)

4.5.1 Computing the Syndromes

The syndromes, s(x), of the received word, d(x), are defined by

Si = d(/3*) Vt = 1, ..., It.

If «i = 82 = .... = *2t = 0 then no error has been detected, and the message is recovered by

m(x) = d(x)/g(x),

otherwise the error locator polynomial is required.

Following on from the encoding example in Section 4.4, consider the case when the received word is

unaffected by error, i.e. d(x) = C(x) = I + x3 + x4 + x6 + Xs + X Q + xw + x«.

= (1000) + (0001) + (1100) + (0011) + (1010) + (0101) + (1110) + (0111) 

= (0000)
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Similarly, s2 =• £3 = ** = «s = SB = (0000). Hence, no error has been detected.

Now consider the case when an error occurs in positions 8,10 and 11: the received word now becomes

d(x) = 1 + x3 + x* + x6 + x9 . Calculation of the syndromes yields

,! = /36 , S 2 = £12 , S3 = P4 , S4 = (39 , S 5 = £5 , *6 = /38 ,

therefore an error has occurred. The Berlekamp-Massey algorithm may be used to find the error 

locator polynomial.

4.5.2 The Berlekamp-Massey Algorithm

To find the error locator polynomial, a system of linear equations must be solved. The Berelekamp- 

Massey algorithm [46] was developed to simplify this process, and is described below.

1. Calculate Sj = d(@>) Vj = 1..2*

2. Define

S 2tx2t

s2 x

p0 (x) = x2t

d_j = -1

d0 = 0

Z0 = —1

3. For !<«'< 2t,

(a) If <fc-i,o = 0 (where g»_i,o is the first coefficient of the polynomial qi-i(x)), then

qi(x) = (qi-i(x))/x 

Pi (x) = (Pi_i(x))/z

di = di_! + 1

*t = «i-l

(b) Otherwise, <7i(x) becomes
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which can be truncated to degree 2t — i — 1. Also let

Pi(x) = (p»—i(z) + ((g»—i,o)/(^fz i_ 1 ,o)) Pz4_! (aj))/x 

di = 1 + min {di_i, dZi_j }

i — 1 if di_i > dZi _j 

zi_i otherwise

4. <r(a;) is calculated by 'reversing' the coefficients of p2t(x), i.e. if P2t(a:) = P2t,o + P2t,i^ + 

P2t,23 2 +... +Pzt,eXe , then er(x) = p2t , e +P2t,e-ix +p2t , e -2X 2 + ... +P2t,ia; e ~ 1 +P2t,ox e .

The derivation of this algorithm may be found in [53].

This algorithm is exemplified by applying it to the example of the erroneous received word developed

in the previous section.

The code being used is a (15,5,7) BCH code, therefore, t = 3. The syndromes calculated were

*o = /36 , «a = /312 , 33 = P, s3 = /39 , s4 = ft5 , s5 = (3s . 

The initial polynomials and values are set as:

qa(x) = Ps +fi12 x + p*x2 +/39 x3 + p5 x4

p-i(x) = x7 ,

po(x) = x6 ,

rf-1 = -1,
do = 0, 

zo = -1.

The algorithm begins by setting i = 1, and calculating new values. 

9o,o = Pe jt 0

qi (x) = /37x+p3 x2 +0w x3 +

Pl (x) = x 5 +/36 x6

di = 0

zj = 0

The algorithm continues until i = 6.
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gs,o = o

q6(x) = 0

pe (x) = /3° + 0e x + /3 10 * 2

de = 3

*6 = 4

Reversing the coefficients of pe, gives

+(3e x3 .

The degree of er(x), called e, indicates how many errors have occurred in the received word, so if 

e > t then the received word is uncorrectable, and decoding has failed.

4.5.3 The Chien Search

Once the error locator polynomial has been found the error locations are determined by finding the 

roots of the equation. One of the simplest techniques is to test each ft1 in turn to see if it is a root of 

(r(x). This method is called the Chien search. 

For example, the roots of the error locator polynomial

ff (x) = /314 + Pwx + I36x* + ft*x3 

found in Section 4.5.2, are

= (0000)

a(pw ) = p l*+/310pw + /36p*+(3°(30

= (0000)

cr(p l ) = /3 14 +/310/3 11 +/36/37 +/3°/33

= (0000)

Therefore errors occur in positions 8, 10 and 11, and the original message may be calculated as 

M(x) = (l + a; 3 + x4 + xe -(-a: 9 ) + (x8 + x10 -r- a; 11 )
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If e is not equal to the number of roots found then it can be concluded that more than t errors have 

occurred, hence, the received word is not correctable, and decoding had failed.

(It must be remembered that it is possible for the decoder to correct a received word incorrectly, i.e. 

if an error causes the received word to be 'nearer' a different codeword than the original.)

4.6 Interleaving

Interleaving is a common technique for randomizing burst errors, such that codes primarily intended 

to correct random errors may be used over bursty channels. The idea of interleaving is simple, the 

codewords are 'sent' in such a way that neighbouring codeword bits are dispersed over the encoded 

message. The simplest way of rearranging the data is to construct a two-dimensional block of data, 

with each row being a codeword, then the data is read column by column.

For example if the encoded message consisted of the codewords ci,C2,..., of length n, then the 

expected transmission would be

ci,i, ..., CI )TI , c2 ,i, ...c2 ,n , c3 ,i, ...

The two-dimensional block of data is constructed in Table 4.4. Reading the bits column by column

Cl,l Cl,2 ••• Cl,n-l Ci tn 

C2,l C2,2 ••• C2,n-l C2,n

Table 4.4: Two-Dimensional Block of Codewords. 

will result in the transmission

Cl,l, C2,l, .--Cg,!, Ci !2 , C2,2, •••) C«,2, •••, Ci,n , C2?n , ..., Ca ,n .

s is called the interleave depth.

If a t-error-correcting code is interleaved to depth s, then all bursts of length < st are correctable,

provided that each codeword is only affected by one burst. The provision that each codeword must

be affected by only one burst, dictates that error bursts must be separated by periods of error free

transmission. The size of s determines how long this period should be. Careful consideration must

be given when choosing a value of s, since the larger the value, the longer the burst correctable, but

the longer the period of error free transmission required [46].

More complex interleaving strategies exist (e.g. the CD [46]) but are not considered here.



Chapter 5

Application of Compression 
Techniques to Robust DEM 
Compression

5.1 Introduction

Use of terrain data in applications such as aeronautical navigation suggest that the reliability of the 

data is of prime importance. Thus, the compression scheme used for compressing DEMs must be able 

to tolerate error, i.e. the compression must be robust.

As they stand the standard data compression methods described previously have all been shown to 

be inadequate in the area of robust terrain compression (Chapter 3). It seems reasonable to assume 

that in order to achieve robust compression some sort of protection must be used for certain parts of 

the data. Here protected data is denned to be data incorporating sufficient error control, such that 

for the purposes of this work it may be assumed to be invulnerable to error. For key parts of the 

data this may lead to expansion which is acceptable as long as the majority of the data is compressed. 

For the examples presented here it is assumed that protection will double the size of the data to be 

protected.
The problem lies in identifying the information which is critical for obtaining a good approximation to 

the original terrain, and thus the information requiring protection. The progressive and hierarchical 

modes of JPEG appear to lend themselves well to this idea. In both modes of compression, enough 

information is sent in an initial scan to approximate the image, while all succeeding scans improve 

the accuracy. Regarding this in terms of robust terrain compression the information contained in 

the first scan would be heavily protected and the information in all subsequent scans would require 

differing layers of protection. These methods suggest three different ways of separating the important
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information from the less important information:

• successive approximation,

• spectral selection,

• hierarchical predictive coding.

Two further methods are also considered, namely Vector Quantization and a DEM specific method

using Linear Quadtrees.

The results presented for each method compare the compression achieved with the maximum error

possible should a bit error occur in the compressed unprotected data.

In each method nth order arithmetic coding is used to compress the binary representation of the

appropriate data.

In this chapter and the following chapters several USA OEMs are utilised (which can be downloaded

from [54]). For example, Anchor which is taken from Alaska, and Tiefort which represents the Tiefort

mountains in California. Another British DEM is also used, namely SWales which covers South Wales

and incorporates both ST06 and ST08.

5.2 A Bit Splitting Method 

5.2.1 Bit Splitting

The straightforward bit splitting method described in this section is a novel application to terrain

data based on the idea of successive approximation.

The most significant bits are calculated by dividing the elevations by an integer, n (defined later) to

give reduced elevations. These most significant bits may be regarded as the information essential for

reconstructing the terrain, and therefore the data that requires protection.

The least significant bits are defined to be corrections which are calculated as follows:

/ I Terrain- I \
Corrections^- = Terrain^- — I n X ————— I . (5.1)

V L ^* J /

(Where [Terrain^-/™] is the integer part of Terrain;.,-/"-)

The maximum error is entirely dependent on the choice of n. If n were chosen to be two then the

maximum correction and therefore the maximum error would be one, (since, if all the corrections are

lost they are replaced by zero). Hence, n is chosen to be one more than the maximum error that can

be tolerated.
To improve compression the linear predictor (described in Section 3.2) may be applied to the reduced
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elevations prior to compression and protection. The corrections are compressed in their current form 

and left unprotected.

On decompression if the data is unaffected by error then the terrain may be reconstructed exactly by 

Equation 5.2

Terrain^- = (n X Data^-) + Corrections^-, (5.2)

where Data^ is the decompressed protected data.

Should an error be recognised in the unprotected corrections then an approximation to the terrain

may be reconstructed without the corrections (Equation 5.3).

Terrain^- = n X Data^- (5.3)

The difference between Equation 5.2 and Equation 5.3 is simply the corrections. So, provided that no 

uncorrected error occurs in the protected data the maximum error will equal the maximum correction, 

and the correct elevation will lie within the range

Decompressed Elevation < Correct Elevation < Decompressed Elevation + (n — 1). 

The compression process is summarised as follows:

1. Choose a value n, where n = Max. Error+1.

2. Divide all elevations by n to give the reduced elevations.

3. Calculate the corrections.

4. Apply the linear predictor to the reduced elevations. Compress and protect the predicted values.

5. Compress the corrections with no protection.

The compressed and protected predicted values, the compressed corrections, along with the header 

information are stored or transmitted. The decompression process is:

1. Decompress all data.

2. Apply the reverse of the linear predictor to obtain the reduced elevations.

3. Multiply these reduced elevations by n to obtain the approximated terrain.

4. • If no error has occurred in the unprotected data then the original terrain is reconstructed 

exactly by adding the corrections to the approximated terrain.

• If an error has occurred then the approximated terrain becomes the reconstructed terrain.
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Example

Consider the small section of data shown in Figure 5.1. For the purpose of this example n is chosen 

to be five, which will give a maximum error of four metres.

140 144 147 140 140 155 179 175
144 152 140 147 140 148 167 179
152 155 136 167 163 162 152 172
168 145 156 160 152 155 136 160
162 148 156 148 140 136 147 162
147 167 140 155 155 140 136 162
136 156 123 167 162 144 140 147
148 155 136 155 152 147 147 136

Figure 5.1: An 8 X 8 Section of Elevation Data. 

Dividing all of the elevations in Figure 5.1 by five results in the reduced elevations shown in Figure 5,2.

28 28 29 28 28 31 35 35
28 30 28 29 28 29 33 35
30 31 27 33 32 32 30 34
33 29 31 32 32 31 27 32
32 29 31 29 28 27 29 32
29 33 28 31 31 28 27 32
27 31 24 33 32 28 28 29
29 31 27 31 30 29 29 27

Figure 5.2: The Reduced Elevations i.e. the Elevations shown in Figure 5.1, Divided by Five.

The linear predictor used previously is then applied to the reduced elevations, as shown in Figure 5.3.

The corrections are then calculated as the difference between the elevations in Figure 5.1 and the 

reduced elevations (Figure 5.2) multiplied by five. The resulting corrections are shown in Figure 5.4. 

The linear predictor is then applied to the reduced elevations (Figure 5.2), the linear predictor correc 

tions are then compressed and protected, while the corrections (Figure 5.4) are compressed and left 

unprotected.

On decompression should an error occur in the unprotected data then the protected reduced elevations 

are simply multiplied by five, (Figure 5.5).



CHAPTER 5. APPLICATION TO ROBUST DEM COMPRESSION 66

28
0
2
3

-1
-3
-2

2

0
2

-1
-5

1
7
0

-2

1
-3
-2

6
0

-7
-2

3

-1
2
5

-5
-3

5
6

-5

0
-1

0
-1

1
1

-1
0

3
-2
-1

1
-2
-2
-2

3

4
0

-6
-2

6
-3

1
0

0
2
2
1

-2
2

-4
-3

Figure 5.3: The Corrections to the Linear Predictor applied to the Reduced Elevations in Figure 5.2.
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Figure 5.4: The Corrections for the Bit Splitting Method for the Data shown in Figure 5.1.

140 140 145 140 140 155 175 175
140 150 140 145 140 145 165 175
150 155 135 165 160 160 150 170
165 145 155 160 160 155 135 160
160 145 155 145 140 135 145 160
145 165 140 155 155 140 135 160
135 155 120 165 160 140 140 145
145 155 135 155 150 145 145 135

Figure 5.5: The Resulting Data after the Reduced Elevations are Multiplied by Five.

The resulting errors are shown in Figure 5.6 (note, as expected they are the same as the corrections 

seen in Figure 5.4). As specified the maximum error does not exceed four metres.

5.2.2 Results

Applying the above method to ST06 and ST08 produces the results shown in Tables 5.1 and 5.2. 

Recall from Section 5.1 that for protected elevations/n the value in bpe is doubled to estimate strong 

protection.
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04200040
42020324
20123222
30102010
23130122
22000012
11322402
30102221

Figure 5.6: The Errors Obtained when Comparing the Original Data (Figure 5.1) and the Reduced 
Data Multiplied by Five (Figure 5.5).

n

6
5
4
3
2
1

Protected Unprotected 
Elevations/n (bpe) Corrections (bpe)

1.53830 1.77377
1.70138 1.63740
1.85203 1.47168
2.12327 1.23198
2.54615 0.82328
3.42674 0.00000

Total (bpe)

3.31207
3.33878
3.32371
3.35525
3.36943
3.42674

Max. Error (m)

5
4
3
2
1
0

Table 5.1: Bit Splitting Results for ST06.

n

6
5
4
3
2
1

Protected Unprotected 
Elevations/n (bpe) Corrections (bpe)

2.89948 2.57775
3.13719 2.31770
3.43869 2.00546
3.90376 1.59526
4.67778 1.01278
6.28414 0.00000

Total (bpe)

5.47723
5.45489
5.44415
5.49902
5.69056
6.28414

Max. Error (m)

5
4
3
2
1
0

Table 5.2: Bit Splitting Results ST08 Results.

It seems reasonable to assume that better compression would be achieved at the expense of error 

(this point is justified when the results obtained from other methods are presented) but this is not 

necessarily the case with this method. The results for ST08 (Table 5.2) show that the best compression 

is achieved when the error is three metres.

5.2.3 Determining if an Error has Occurred

In the method described it has been assumed that the presence of error in the unprotected data 

is automatically detected. However, in practice a process is required to determine if an error has
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occurred.

The unprotected data is simply the corrections to the bit splitting; hence, if the value of n is known,

then the range of values which the corrections may take can be determined. In the previous example

n is given the value five so all the corrections must lie within the range 0 < C < 4. If this is not

the case then an error must have occurred. Once an error has been detected the offending correction

may be replaced by 0.

An error may also occur such that a correction may be replaced by a value within the allowable range,

which would mean that the error would remain undetected. For example, in the worst case a. 0 may

be replaced by 4 (or vice versa), which would merely result in an error of 4 which remains below the

maximum error allowed. In this situation the correct elevation would lie within the range

Decompressed Elevation — (n — 1) < Elevation < Decompressed Elevation + (n — 1).

While the bit splitting method ensures that we may limit any error incurred during compression, in 

the later case we are unable to tell with any certainty whether an error has or has not occurred. Hence 

a further form of error detection may be required.

5.2.4 An Improvement to the Bit Splitting Method

A simple improvement may be made to this method if instead of replacing erroneous corrections by 

0, we were to replace them by [n/2j, thus making the maximum error \n/2\. Here the correct 

elevation would lie within the range

Decompressed Elevation — [f J < Correct Elevation < Decompressed Elevation + [^-J. 

The results presented in Section 5.2.2 may be changed accordingly.

n

6
5
4
3
2
1

Protected Unprotected 
Elevations/n (bpe) Corrections (bpe)

1.53830 1.77377
1.70138 1.63740
1.85203 1.47168
2.12327 1.23198
2.54615 0.82328
3.42674 0.00000

Total (bpe)

3.31207
3.33878
3.32371
3.35525
3.36943
3.42674

Max. Error (m)

3
2
2
1
1
0

Table 5.3: Revised Bit Splitting Results for ST06.
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n

6
5
4
3
2
1

Protected Unprotected 
Elevations/n (bpe) Corrections (bpe)

2.89948 2.57775
3.13719 2.31770
3.43869 2.00546
3.90376 1.59526
4.67778 1.01278
6.28414 0.00000

Total (bpe)

5.47723
5.45489
5.44415
5.49902
5.69056
6.28414

Max. Error (m)

3
2
2
1
1
0

Table 5.4: Revised Bit Splitting Results for ST08.

5.3 A DCT Based Method 

5.3.1 Rounding Errors

When using the DCT we must note that the DCT simply maps the data from one representation to 
another, in principle it does not lose data. However, in general, the DCT does not allow for exact 
reconstruction of data when the DCT coefficients are stored as integers rather than real numbers. 
Figure 5.8 shows the matrix of rounding errors when using the DCT over an 8 X 8 block of elevations

140 144 147 140 140
144 152 140 147 140
152 155 136 167 163
168 145 156 160 152
162 148 156 148 140
147 167 140 155 155
136 156 123 167 162
148 155 136 155 152

155 179 175
148 167 179
162 152 172
155 136 160
136 147 162
140 136 162
144 140 147
147 147 136

Figure 5.7: An 8 x 8 Section of Elevation Data.

(Figure 5.7).
The magnitude of rounding errors may be reduced, if, instead of rounding to integers the coefficients 
were rounded to half integers (or third integers, quarter integers etc.). By rounding to half integers the 
maximum error may be reduced from four to one, with a greater section of the data being unaffected 

by any error.

5.3.2 Block Sizes

The size of the block the DCT is applied to can also make a considerable difference to the size of 

rounding errors and the compression achieved.
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0
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1 
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1 
0 
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0
1 
1 
0
1

1
2
1 
1 
1 
2 
0

1 
1 
1 
1 
1 
1 
1

221 10220

Figure 5.8: The Hounding Errors after Applying the DCT to an 8 x 8 Block of Elevations.

Table 5.5 shows the maximum error and compression achieved when applying the DCT to a NxN 

block and rounding to integers, on a 128x128 section of ST08. The compression shows how many 

bits per coefficient are required to store the DCT coefficients after they have been compressed using 

arithmetic coding (the coefficients are initially stored as sixteen-bit integers).

N
4 
8 

16 
32

Max. Error
2 
5 

11 
15

Compression (bpe)
4.712 
2.569 
1.293 
0.664

Table 5.5: Comparison of Error and Compression for when using the DCT over Different Block Sizes.

From this it is clear that higher compression is achieved at the expense of error as N becomes large. 

Applying the DCT to a 32x32 block, on the same data as above, and rounding to eighth integers 

results in a maximum rounding error of two, with compression of 2.927bpe. Unless specified otherwise 

all following results relate to this size block and level of rounding.

5.3.3 Applying the DCT to DEMs

As outlined in Section 2.7 the DCT is a transform which separates the data into parts of differing 

importance (with respect to the accuracy of the reconstructed data). Hence, when applying the 

DCT to terrain data, the important information is identified. The DCT coefficients may be split 

into a number of sections, here two are considered (Figure 5.9): section A contains the high energy 

coefficients, that will require protection, section B contains the low energy coefficients that remain 

unprotected.
Provided that A is assumed to be error-free, if an error should occur in B, then an approximation of 

the terrain may be obtained by applying the inverse DCT to the kxk coefficients, which is padded
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N

B

N

Figure 5.9: Sectioning the DCT Coefficients.

with zeros to make an NxN block.

Determining a suitable value of k is data dependent, k is required to be kept at a minimum to ensure

that the number of protected coefficients is small, while also enabling a good reconstruction. In the

extreme case when the terrain is flat (e.g. the sea) only the DC coefficient will be significant, thus k

should equal one. If the terrain is irregular then the majority of coefficients will be non-zero implying

that k should be near N. Hence, compression will be improved if the choice of k is adaptive over the

terrain.

Here k shall remain static over the terrain, and will be assumed to be sixteen, which proves to give a

reasonable trade-off between accurate reconstruction and compression.

To ensure that the size of errors remain below a specified level (e), each point in the original DEM is

compared to the corresponding point in the reconstructed DEM. From this an error residual may be

defined:

Errors = Terrain^- — Reconstructed jj, (5.4)

where i, j indicates the co-ordinates of the elevation in the DEM.

For all i and j, if Error»j > e then Terrain^ and an index to the position (scanning across the rows

i.e. raster scan order) are stored and protected.

Hence the compression process is described as follows:

1. Divide the data into NxN blocks. Each block is independently transformed using the DCT.

2. The kxk section of coefficients are compressed and protected, all other coefficients are com 

pressed and not protected. Here arithmetic coding is used to compress the coefficients in raster 

scan order.

3. Apply the inverse DCT to the kxk section of coefficients.
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4. Calculate the error residual as the difference between the original terrain and the reconstructed 

terrain.

5. At each point where the error exceeds the specified maximumerror, the position and the elevation 

at that point are compressed and protected.

Similarly decompression is:

1. Decompress all data.

2. • If the compressed data is error free, then the inverse DCT is applied to each NxN block 

of DCT coefficients.

• If an error has occurred then:

(a) Apply the inverse DCT to the kxk coefficients of each block to obtain a reconstruction 

of the terrain

(b) Any elevations contained in the protected positions and elevations are used to overwrite 

the corresponding data in the reconstructed terrain.

(It should be noted that it is unlikely that the DEM to be compressed will divide exactly into 32x32 

blocks. In this implementation the 'leftover' elevations are compressed and protected in their original 

form.)

Example

Consider the sample of data in Figure 5.7. In this small example k shall take the value four, and the 

maximum error, e, shall be restricted to ten metres.

Firstly the DCT coefficients are calculated using Equation 2.3. The coefficients are then split into two 

sections: protected (indicated in boldtype) and unprotected, (Figure 5.10).

303
5

-3
-2

-1
1
2
0

-4
-9
-6
-1
2

-1
0

-2

4
7
0
4
2

-5
-1
-1

-2
-2
2

-4
0
2
1
0

6
-3
-5
-2
-3

2
0
0

-2
3
1

-1
4

-1
-2

1

-3
3

-5
-1

5
0
0

-2

-5
2
0
2
4

-2
0
0

Figure 5.10: Sectioned DCT Coefficients.
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The inverse DCT (Equation 2.4) is applied to the 4x4 section of protected coefficients padded with 

zeros (Figure 5.11), which results in the data shown in Figure 5.12.

303 -44-20000 
5-97-20000

-3-60 20000
-2-14-40000 

0 00 00000 
0 00 00000 
0 00 00000 
0 00 00000

Figure 5.11: High Coefficients padded with zeros to form an 8x8 Block.

142 143 142 139 141 152 171 186
148 147 145 145 148 156 167 175
154 153 151 152 154 158 161 162
157 157 156 154 152 152 154 156
155 158 158 152 145 143 149 156
151 154 155 150 143 141 146 152
148 148 149 150 149 147 145 143
146 144 145 151 157 155 144 134

Figure 5.12: The DCT Reconstructed Terrain

The errors are now calculated as the difference between the original terrain and the reconstructed 

terrain, Figure 5.13 shows the absolute errors.
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4
2

Figure 5.13: The Absolute Error between the Original Terrain and the Reconstructed Terrain.

Since the maximum error is restricted to ten metres, the position and elevation at any point with n 

correction above this maximum error must be stored separately. Here the errors are scanned in raster
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scan order, thus only a single co-ordinate is required to specify a position. In an effort to reduce the 

entropy, a position is stored as a difference to the prior position, with the position of the first error 

stored in its original form, the same is done for the elevations. For this example the positions and 

elevations are shown in Table 5.6. On decompression, if the compressed data is error free, then the

Position
8

11
1
5
1
5

11
1
2
4
2
1
1
5

Elevation
175
-39
31

1
-23

-9
31

-27
15

-19
-13
44
-5
-7

Table 5.6: Positions and Elevations at Large Errors.

inverse DCT may be applied to the coefficients and the data is reconstructed with minor errors due 

to rounding.

However, if the unprotected compressed data is known to be erroneous then the unprotected coef 

ficients are replaced by zero, the inverse DCT is applied, and a block of terrain is obtained, (as 

in Figure 5.12). Any elevations which occur at any of the protected positions, are replaced by the 

corresponding protected elevations. Thus the maximum error between the original terrain and the 

decompressed terrain is no greater than ten (Figure 5.14).

2 
4 
2 
0 
7 
4 
0 
2

1 
5 
2 
0 

10 
0 
8 
0

5 
5 
0 
0 
2 
0 
0 
9

1 
2 
0 
6 
4 
5 
0 
4

1 
8 
9 
0 
5 
0 
0 
5

3
8 
4 
3 
7 
1 
3 
8

8 
0 
9 
0 
2 

10 
5 
3

0 
4 

10 
4 
6 

10 
4 
2

Figure 5.14: The Absolute Error between the Original Terrain and the Decompressed Terrain.
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5.3.4 Fast DCTs

Examination of the DCT equations (Equations 2.3 and 2.4) as they stand would suggest that even

for a small 8x8 block of data the computational requirements would be significant. If the size of the

block were to be increased then the computational time would increase also.

In practice many Fast DCT algorithms have been developed to reduce the amount of calculation

required [55, 56, 29]. Other algorithms exist where only a subset of the input points or output

points are used, thus increasing the computational efficiency. Such algorithms are called pruned DCT

algorithms [57, 58].

The implementation of such algorithms are not considered further here.

5.3.5 Results

Applying the above method to ST06 and ST08 gives the results shown in Tables 5.7 and 5.8. Once 

again the important data is doubled to approximate strong protection. It must be remembered that

Protected 
Coefficients (bpe)

1.83462 
1.83462 
1.83462 
1.83462 
1.83462 
1.83462 
1.83462

Unprotected 
Coefficients (bpe)

0.50512 
0.50512 
0.50512 
0.50512 
0.50512 
0.50512 
0.00000

Protected 
Positions and 

Elevations (bpe)
0.00000 
0.04289 
0.09214 
0.18070 
0.37642 
0.89034 
2.99331

Total (bpe)

2.33974 
2.38263 
2.43188 
2.52044 
2.71616 
3.23008 
5.33305

Max. Error (m)

20 
5 
4 
3 
2 
1 
0

Table 5.7: DCT Results for ST06.

Protected 
Coefficients (bpe)

3.22496 
3.22496 
3.22496 
3.22496 
3.22496 
3.22496 
3.22496

Unprotected 
Coefficients (bpe)

1.05875 
1.05875 
1.05875 
1.05875 
1.05875 
1.05875 
0.00000

Protected 
Positions and 

Elevations (bpe)
0.00000 
0.13532 
0.28298 
0.58129 
1.19392 
2.68108 
5.85618

Total (bpe)

4.28371 
4.41903 
4.56669 
4.86500 
5.47763 
6.96479 
9.08114

Max. Error (m)

22 
5 
4 
3 
2 
1 
0

Table 5.8: DCT Results for ST08.

this method is lossy and results in errors regardless of any error occurring in the compressed data.
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5.3.6 Determining if an Error has Occurred

The DCT does not contain the inherent error detection contained within the bit Splitting method. As 

the method stands there is no restriction on the values contained within the unprotected data. Thus if 

an error should occur there is no indication whether the coefficients are correct or invalid. Therefore, 

further ways of detecting error need to be looked at.

5.3.7 Improvements to the DCT Method

Compression may be improved by exploiting the correlation between corresponding high energy coeffi 

cients in neighbouring blocks. Each of these coefficients can be encoded as the error residual resulting 

from subtracting the corresponding DCT coefficient from a neighbouring block. 

In this implementation any remainder elevations which are not included in any 32 x32 block are 

simply compressed and protected along with the high coefficients. This is certainly not the most 

efficient way of storing these extra elevations. Further savings could be made by applying a predictor 

to these elevations and then compressing and protecting the corrections to the predictions. 

Compression for ST06 using the DCT based method, may be improved upon when considering the 

nature of the terrain. ST06 represents a coastal area with a vast amount of sea. It was mentioned 

previously (Section 5.3.3) that k should assume the value one for even terrain, such as the sea. So, 

in this case choosing k to remain static, with the value sixteen, appears to introduce redundancy. 

This confirms the suggestion that compression will be improved if the value of k is adaptive over the 

terrain. Employing some form of quantization method may help determine an appropriate value of 

k for each block. The choice of k is likely to depend upon the magnitude of the DCT coefficients 

contained within the block. If this is the case then the detection of error in this method may prove 

to be somewhat easier than previously thought.

5.4 Application of Vector Quantization to DEMs

5.4.1 Vector Quantization for DEMs

VQ is frequently used to good effect in many types of digital compression, e.g., image and voice 

compression. While the method is inherently lossy there is evidence to suggest that the compression 

rates are low enough to allow for the coding of any residuals (this is certainly the case with imago 

compression [11]). 
As discussed previously an important aspect of robust terrain compression is to identify and protect
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that information which is essential for a good reconstruction. This can be achieved, with a storage 

cost, using structured VQ methods as mentioned in Section 2.8.5.

While VQ is certainly complex, it is an asymmetric compression method, with all the complexity 

falling on the compression side, while decompression remains trivial. This is ideal for the compression 

of DEMs.

5.4.2 VQ for DEMs with Local Codebooks

The most basic approach to image coding is to partition the image into square blocks of p x p pixels, 

thus, the vector will have dimension n = p2 . Here p is chosen to be 4, therefore n is 16; as discussed 

previously the vector dimension is kept fairly small for complexity reasons.

The data being used here consists of (1..200 X 1..200) sections of the datasets ST06 and ST08. The 

sections used have 40000 elevations, which gives 2500 vectors. In this case Nc = 1000 will be used. 

In the following work the maximum error is defined to be five metres.

Pairwise Nearest Neighbour Method

For the PNN method the following algorithm is implemented, and applied to sections of ST06 and 

ST08. The results are shown in Table 5.9.

1. Place all terrain vectors in the codebook C.

2. Calculate the distortion between all pairs of code- vectors, i.e.

d(Cn , Cm ) = MAX | Cni - Cmi | Vi = 1, . . . , 16, Vm, n.

3. Find the two code-vectors, Cn, Cm , having the smallest distortion, i.e.

d(Cn , Cm ) < d(Ct, Cj) VC* Cj € C i?j.

4. If V is the cluster of vectors represented by Cn and Cm then calculate the centroid vector, C,

by
) v 6 V i = l,...,16.

5. Remove the code-vectors Cn , Cm from the codebook and add the code-vector C, which repres 

ents the cluster V.

6. Repeat from 2. until the required number of code-vectors is achieved.
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Results

The figures in the column labelled 'Protected Positions and Elevations' are calculated in the same 

manner as described in the DCT based method.

From these results it is apparent that as the method stands, it is not competitive with the other 

methods suggested. The codebooks clearly requires a lot of storage, but disregarding the codebook 

(i.e. assuming the codebook to be predefined) would not result in good compression.

Data

ST06 
ST08

Protected 
Codebook (bpe)

3.48720 
6.27560

Protected 
Index (bpe)

0.30920 
1.26520

Protected 
Positions and 

Elevations (bpe)
3.22120 
2.70800

Errors (bpe)

0.08300 
1.66500

Total (bpe)

7.10060 
11.91380

Table 5.9: PNN Results for 1..200 X 1..200 Sections of ST06 and ST08.

5.4.3 Differences between Image and Terrain Compression

One of the main differences between image and terrain compression is the treatment of outliers (see 

Figure 5.15) in the data. In image compression the tendency is to smooth the effect of an outlier, i.e. 
rather than having one value in error by a great amount all values are in error by a smaller amount.

Figure 5.15: A Cluster with an Outlier.

Consider the following cluster of two dimensional vectors (which is shown in Figure 5.15):

(5,10), (10,10), (10, 5), (15,15), (40, 80).

Using PNN the centroid of the cluster would be calculated as the mean of the cluster, i.e. (16, 24). 

This centroid would result in the error vectors:

(11,14), (6,14), (6,11), (1,9), (-24, -56).
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In the previous methods suggested for DEM compression, any value in error above a certain threshold

is stored separately. If the maximum error acceptable is chosen to be 5m, then this method would

result in only one tolerable error, which is clearly unacceptable.

Ideally, in this form of terrain compression, large errors should be secluded. As values with large

errors are stored separately, it is of little importance whether the error is 10m or 200m. Therefore, it

is acceptable, if not preferable, for there to be large error 'spikes' in the data rather than a uniform

error distribution.

If the centroid of the cluster were calculated using the median of the cluster rather than the mean,

then the centroid would be (10,10), which would result in the error vectors:

(5,0), (0,0), (0,5), (5, 5), (30, 70).

In this case only one error vector, i.e. two errors, is unacceptable. Therefore, using the median for 

calculating the centroid of the cluster appears to be better suited for terrain compression. 

A further improvement may be made by altering the distortion measure used in the encoder. In the 

previous PNN algorithm, the encoder used maps a terrain vector to the code-vector that results in 

the smallest maximum error. Consider the codebook,

C = (33, 27, 22, 78, 30, 33, 37, 20), (40, 49, 25, 51, 35, 34, 48, 29).

Given the terrain vector (32,27,19,42,28,33,41,17) then the two error vectors would be:

(1, 0, 3, 36, 2, 0, -4, 3), (8, 22, 6, 9, 7,1, 7,12),

with maximum errors 36 and 22, so here the second code-vector would be chosen. (The MSE for each 

error vector would be 166.875 and 113.5 which would have resulted in the same decision.) Clearly this 

distortion measure has resulted in a bad choice, and the first code-vector would have been a far more 

suitable choice. A more appropriate distortion measure may be to count the number of errors in the 

error vector that are below the specified maximum error. 

Both improvements suggested above are implemented below.

5.4.4 Pairwise Nearest Neighbour - Median

Adapting the PNN method so that the centroid of the cluster is calculated using the median gives 

rise to the following pairwise nearest neighbour - median (PNN-Med) algorithm.
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Algorithm for Generating the Codebook

1. Place all terrain vectors in the codebook C.

2. Calculate the distortion between all pairs of code-vectors, i.e.

d(Cn , Cm ) = MAX \Cnt -Cmi \ Vt = 1,..., 16, Vm,n.

3. Find the two code-vectors, Cn , Cm , having the smallest distortion, i.e.

d(Cn , Cm ) < d(d, C^ VCi, Cj EC i^ j.

4. If V is the set of vectors represented by Cn and Cm then calculate the centroid vector, C, by 

Ci = MEDIAN(^i) v € V i = 1,... , 16.

5. Remove the code-vectors Cn , Cm from the codebook and add the code-vector C, which repres 

ents the cluster V.

6. Repeat from 2. until the required number of code-vectors is achieved.

The second improvement which was discussed in the previous section is incorporated into an improved 

VQ encoder. The new VQ encoder involves a two stage decision process, which is outlined below.

Algorithm for the VQ Encoder

1. If T is the terrain vector, and k the maximum error, then find a code-vector/s, C, such that, 

the number of i's when | Ci — T± \< k (Vi = 1,..., 16) is at a maximum.

2. If there is more than one code-vector which satisfies the above condition, then choose the code- 

vector such that MEAN \ d — T+ \ when \Ci~Ti |< fe(Vi = 1,..., 16) is at a minimum.

3. If more than one code-vector results, then the choice is arbitrary. The index to the chosen 

code-vector is stored.

4. Repeat for all terrain vectors.

Results
Using the PNN method resulted in 6892 elevations being in error by more than 5m in ST08. The 

PNN-Med method with improved VQ encoder has reduced this figure to 4295, and consequently the
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'Protected Positions and Elevations' figure has been reduced. Similarly using this method there are no 

errors in the reconstructed ST06 above 5m. While the compression ratio (in bpe) has been reduced, 

the improvements are still not enough to make this method competitive.

While the LEG method is recognised as being superior to the PNN method, there is little evidence 

to suggest that using the LEG method would drastically improve the compression. It appears that 

the only possibility of making this method competitive would be if the codebook could be disregarded 

(i.e., not stored for every DEM), but to make this possible global codebooks must be used.

Data

ST06 
ST08

Protected 
Codebook (bpe)

3.46240 
6.22240

Protected 
Index (bpe)

0.21040 
1.26440

Protected 
Positions and 

Elevations (bpe)
0.00000 
2.20920

Errors (bpe)

3.69580 
1.85200

Total (m)

7.36860 
11.54800

Table 5.10: PNN-Med and Improved VQ Encoder Results for 1..200 X 1..200 Sections of ST06 and 
ST08.

5.4.5 VQ for DEMs with Global Codebooks

Using global codebooks is only successful if the same codebook may be used for many sets of data. It 

is not useful if the user intends to decompress only one set of data.

In order to use a global codebook the code-vectors and terrain vectors must be standardized. Each 

vector is converted into a vector with zero mean and unit standard deviation. For the input vector 

X = (zi,..., XIB), the mean x, standard deviation a and standardized vector (S) are shown below 

(where k is the number of elements in the data being standardized).

k

1=1

\
— X

Si =

S = (»i,..., sie)

Since the standardized data are being held in integer form, it is necessary to multiply the standardized 

data by some power of ten, to ensure a reasonable level of accuracy. In this case the standardized 

data is multiplied by 100.
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Results

Using the PNN-Med method, a global codebook, of size 4096, was generated using a section of ST08 

(1..256 X 1..256). The codebook was then standardized as above and applied to various sets of 

data. The means and standard deviations of the data are shown in Table 5.11. Table 5.12 shows 

the compression achieved for each dataset along with the entropies for the corrections to the linear 

predictor. (Storage of the protected global codebook would require an extra 0.53282 bpe for each

Terrain

Anchor
Belle
Crater
Eloise
Fairfax
Hogans 
Phantom
Tiefort
ST06
ST08

Mean

4091.404
3614.909
6214.937
125.820
114.920
62.057 

1516.396
2647.155
31.337
173.491

SD

1179.855
124.567
537.699
12.771
17.277
9.156 

440.096
475.622
34.403
88.310

Table 5.11: Means and SDs for the Data.

Terrain

Anchor
Belle
Crater
Eloise
Fairfax
Hogans
Phantom
Tiefort
ST06
ST08

Protected 
Protected Positions and Corrections 

Index (bpe) Elevations (bpe) (bpe)
1.55045 16.30150 0.33200
1.54761 5.46723 2.46188
1.27807 11.69737 0.87059
1.40616 0.38328 1.42212
1.58046 0.76794 2.47463
1.48434 0.11459 1.14823
1.26470 11.38802 1.07010
1.02728 11.02398 0.93144
1.10050 0.87180 2.16310
1.54500 2.50990 2.86975

Total (bpe)

18.18395
9.47672
13.84603
3.21156
4.82303
2.74716
13.72282
12.98270
4.13540
6.92465

Entropy of 
LP Corrections 

(bpe)
6.73762
4.30455
4.00007
1.58941
2.52692
1.62641
4.58799
3.27346
1.88009
3.19774

Table 5.12: Vector Quantization Results when using Global Codebooks and Entropies for LP Correc 
tions.

of the datasets, which is not included in the figures shown in Table 5.12.) Looking at the standard 

deviations, it is apparent that those datasets which give poor VQ results are the ones that have a high 

standard deviation. This is due to the relationship between the actual error and the standardized
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error, which is shown below.

Standardized Error =
Actual Error X 100

This suggests that if the standard deviation, er, is small then the standardized error becomes high 

which means that a terrain vector may be represented by a code-vector some distance away without 

increasing the actual error. For example, if a = 9 and the desired maximum error is 5m, then the 

standardized error becomes 55.5. Therefore an error of 55 can occur in the standardized data before 

the error exceeds 5m in the actual data, thus ensuring that data with a low standard deviation may 

be represented more accurately by a standardized codebook.

In Chapter 3 it was illustrated that the use of a linear predictor provided good compression for terrain 

data. Thus, the success of vector quantization for robust terrain compression may be judged by 

comparing the results with the entropy of the linear predictor corrections. The figures illustrate that 

in most cases the results for vector quantization are more than double the entropies for the linear 

predictor corrections.

5.5 A Grid Interpolation Method

5.5.1 HPC and a Down-sampling Filter used for DEMs

An important aspect in robust terrain compression is identifying information that is essential for a good 

(if not accurate) reconstruction of the original terrain. Regarding this in the context of hierarchical 

predictive coding (HPC) it is observed that the lowest resolution image constitutes the essential 

information, while the various levels of difference images serve only to increase image accuracy. 

Applying the HPC method discussed in Section 2.9.5 gives rise to the results shown in Tables 5.13 

and 5.14. We may note that these results do not compare favourably with those obtained from the

Protected 
down-sampled 
image (bpe)

1.01840
1.01840
1.01840
1.01840
1.01840
1.01840
1.01840

Unprotected 
difference 

image (bpe)
1.62531
1.49745
1.42556
1.30815
1.09064
0.67079
0.00000

Protected 
Positions and 

Elevations (bpe)
0.00000
0.21318
0.64388
0.97641
1.55253
2.63571
4.03172

Total (bpe)

2.64371
2.72903
3.08784
3.30296
3.66157
4.32490
5.05012

Max. Error

30
5
4
3
2
1
0

(m)

Table 5.13: ST06 Results.
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Protected 
down-sampled 

image (bpe)
1.80536
1.80536
1.80536
1.80536
1.80536
1.80536
1.80536

Unprotected 
difference 

image (bpe)
2.96476
2.41635
2.18934
1.85601
1.36885
0.69209
0.00000

Protected 
Positions and 

Elevations (bpe)
0.00000
1.59880
2.18576
3.04018
4.26435
5.93270
7.50254

Total (bpe)

4.77012
5.82051
6.18046
6.70155
7.43856
8.43015
9.30790

Max. Error

34
5
4
3
2
1
0

(m)

Table 5.14: ST08 Results.

bit splitting method (Section 5.2.4).
It may seem questionable to use image processing techniques for terrain data, better results may be 

expected by employing techniques aimed specifically at DEMs. In the following a method based on 

HPC is described, where grid interpolation techniques are used instead of filtering.

5.5.2 Grid Interpolation

Interpolation is the procedure of predicting values at un-sampled points from known values occurring 

within the same region. In general, interpolation is used to convert data from point observations to 

continuous fields.
Many interpolation methods exist. Some are global methods which model the entire distribution of the 

surface. The remainder are local operations which work on one area at a time to achieve interpolation.

Polynomial Interpolation

Polynomial interpolation methods are frequently used, based on the theorem that any continuous 

surface can be approximated with arbitrarily small error by a polynomial of sufficiently high degree [59]. 

It must be noted that for significantly irregular surfaces the degree of the approximating polynomial 

must be inordinately high to obtain a reasonable degree of accuracy. 

The general form of the equation for surface representation is:

hi = a00 a02 y 2

a22 x 2y2

a30 x 

23a13 xy + a32 x 3y2 + a23xy + a33xy3

where hi is the elevation at point i; x and y are the rectangular co-ordinates of the point i; and a,nn 

are the coefficients.
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The Bilinear Polynomial

The bilinear polynomial involves the first four terms of the general equation (Equation 5.5):

h = OQO (5.6)

Figure 5.16: Grid Cell.

When using a local co-ordinate system (between 0 and 1) the polynomial in Equation 5.6 can be 

simplified to:

h = — hi)x + (h3 — (hi — h2 — h3 + h4 )xy, (5.7)

where (z, y) are the local co-ordinates of the unknown value.

More complex methods based on the general equation, (Equation 5.5) do exist, (16-term Bicubic 

Polynomial, Biquadratic Polynomial etc.), however, the accuracy obtained from these methods is 

little better than the accuracy obtained with the bilinear polynomial [60].

5.5.3 Application of Method to DEMs

Using the basic idea of HPC along with grid interpolation methods, will allow the DEM to be split 

into two sections:

• Coarse Grid: a subset of the DEM, consisting of elevations taken at regular points (the grid 

nodes),

• Fine Grid: all elevations in the DEM not contained in the coarse grid.

The coarse grid may then be used along with the Bilinear polynomial (Equation 5.7) to give an 

approximation of the complete DEM. The coarse grid is obviously the important information which 

will require protection. Therefore, if an error occurs in the fine grid a good approximation to the 

terrain will be obtainable from the coarse grid. 

Since the coarse grid is used to predict the fine grid, the fine grid does not need to contain elevations,
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but may consist of interpolation corrections, calculated as the difference between the original .terrain

and the predicted terrain.

Linear interpolation techniques do not allow for any irregular elevations to be located anywhere but

at the grid nodes themselves. Grid sampling must therefore be very fine to ensure that these features

are incorporated as effectively as possible. (Here the coarse grid is taken to be every second point in

both horizontal and vertical directions.) However, it is expected that interpolation corrections may

not always prove negligible, for this reason large interpolation corrections contained in the fine grid,

along with their corresponding positions, are stored separately.

The following describes a method based on HPC, where the idea of grid interpolation is used instead

of filtering.

The compression method is summarised as follows:

1. Identify the coarse grid from the DEM.

2. Apply a linear predictor to the coarse grid and compress and protect the corrections, (here 

arithmetic coding is used for compression).

3. Use the coarse grid to calculate a prediction of the terrain.

4. Calculate the interpolation corrections as the difference between the original terrain and the 

predicted terrain.

5. At each point where the correction exceeds the specified maximum error, the position and 

the interpolation correction at that point are compressed and protected, and the interpolation 

correction is removed from the fine grid.

6. The calculated interpolation corrections remaining in the fine grid are then compressed and left 

unprotected.

Decompression is carried out as follows:

1. Decompress all data.

2. Reverse the linear predictions so the coarse grid contains elevations.

3. • If the compressed data is error free, then the course grid is used to predict the terrain and 

the fine grid interpolation corrections and large interpolation corrections are used to amend 

the terrain, such that reconstruction is exact.

• If an error has occurred then:
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(a) Apply the bilinear polynomial to the coarse grid to obtain an approximation to the 

terrain.

(b) Amend the predicted terrain using the stored large interpolation corrections.

(In this implementation, where the coarse grid is defined to be every other point both horizontally 

and vertically, problems will occur if the DEM has an even number of rows and/or columns. This can 

be overcome simply by repeating the last row/column such that the number of rows and columns is 

odd.)

Example

Consider the following section of data (Figure 5.17). In this example the maximum error is specified 

as ten metres.

140 144 147 140 140 155 179
144 152 140 147 140 148 167
152 155 136 167 163 162 152
168 145 156 160 152 155 136
162 148 156 148 140 136 147
147 167 140 155 155 140 136
136 156 123 167 162 144 140

Figure 5.17: A 8 X 8 Section of Elevations.

From the original data the coarse grid can be identified as below, (the coarse grid is shown in bold 

type).

140 144 147 140 140 155 179
144 152 140 147 140 148 167
152 155 136 167 163 162 152
168 145 156 160 152 155 136
162 148 156 148 140 136 147
147 167 140 155 155 140 136
136 156 123 167 162 144 140

Figure 5.18: Separation of the Elevations into the Coarse Grid and the Fine Grid.

A linear predictor is then applied to the coarse grid (Figure 5.19).

The results of using the bilinear interpolation technique (Equation 5.7) on the coarse grid are shown

in Figure 5.20, (the coarse grid is shown in bold type).
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140 7 -7 39
12 -23 34 -50
10 10 -43 18

-26 -7 55 -29

Figure 5.19: The Linearly Predicted Corrections to the Coarse Grid.

140 144 147 144 140 160 179
146 144 142 147 152 159 166
152 144 136 150 163 158 152
157 152 146 149 152 151 150
162 159 156 148 140 144 147
149 144 140 145 151 147 144
136 130 123 143 162 151 140

Figure 5.20: The Predicted Elevations Calculated from the Coarse Grid.

The fine grid corrections can then be calculated as in Figure 5.21, (note that the coarse grid elevations 

have been omitted).

0 -4 -5
-2 8-20 -12 -11 1

11 17 4
11 -7 10 11 0 4 -14

-11 0 -8
-2 23 0 10 4 -7 -8

26 24 -7

Figure 5.21: The Corrections to the Predicted Fine Grid.

The location of any error greater than ten, is stored along with the actual error at that point, (using

differences, as seen previously with the DCT based method).

Retaining corrections in the fine grid at any of the points listed in Table 5.15 would be a duplication

of information, so they may be removed.

The course grid corrections (Figure 5.19) and the positions and interpolation corrections are protected

and compressed, the fine grid is compressed and left unprotected.

If an error has occurred in the unprotected compressed data, then only the coarse grid (Figure 5.2:5)

and the positions and interpolation corrections (Table 5.15) may be decompressed correctly.
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Position

12
1
3
2
4
3
3
2
7
7
2

Interpolation 
Corrections

-12
1

22
6

-6
0

25
3

34
3

-2

Table 5.15: Positions and Interpolation Corrections at Large Errors.

-2

-2

0
8 -2

7

0

-4
0

0
0

10 4

-5
1

4
4

-8
-7 -8
-7

Figure 5.22: Corrections for the Fine Grid with Large Corrections Omitted.

140 147 140 179
152 136 167 152
162 156 148 147
136 123 167 140

Figure 5.23: The Coarse Grid.

Interpolation is carried out on the coarse grid (which will result in the data shown in Figure 5.20), 

the interpolation corrections are then used to amend this predicted data.

The error between the original data and the decompressed data is shown in Figure 5.24; as specified 

the maximum error does not exceed ten metres.

5.5.4 Results

Applying the above method to ST06 and ST08 gives the results shown in Table 5.16 and Table 5.17. 

These results indicate that in this case the grid interpolation has achieved better compression than
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0
2
0
0
0
2
0

0
8
0

-7
0
0
0

0
-2

0
0
0
0
0

-4
0
0
0
0

10
0

0
0
0
0
0
4
0

-5
0
4
4

-8
-7
-7

0
1
0
0
0

-8
0

Figure 5.24: Errors after Decompression when using only the Coarse Grid.

the image processing technique used previously.

Protected Coarse 
Grid (bpe)

1.26238 
1.26238 
1.26238 
1.26238 
1.26238 
1.26238 
1.26238

Unprotected Fine 
Grid (bpe)

1.10940 
1.04935 
1.01910 
0.96965 
0.87109 
0.65547 
0.00000

Protected 
Positions and 

Elevations (bpe)
0.00000 
0.17622 
0.27144 
0.42189 
0.70218 
0.25333 
2.86277

Total (bpe)

2.37178 
2.48795 
2.55292 
2.65392 
2.83565 
3.17118 

l_ 4.12515

Max. Error (m)

32 
5 
4 
3 
2 
1 
0

Table 5.16: Grid Interpolation Results for ST06.

Protected Coarse 
Grid (bpe)

2.26765 
2.26765 
2.26765 
2.26765 
2.26765 
2.26765 
2.26765

Unprotected Fine 
Grid (bpe)

2.06233 
1.84974 
1.73944 
1.56725 
1.27994 
0.78870 
0.00000

Protected 
Positions and 

Elevations (bpe)
0.00000 
0.63214 
0.92656 
1.37183 
2.10655 
3.38376 
5.73190

Total (bpe)

4.32998 
4.74953 
4.93365 
5.20673 
5.65414 
6.43011 
7.99955

Max. Error (m)

30 
5 
4 
3 
2 
1 
0

Table 5.17: Grid Interpolation Results for ST08.

5.5.5 Determining if an Error has Occurred

An error may be determined in the unprotected fine grid in the same way as described for the bit 

splitting method. In the previous example the maximum error, e, was restricted to 10m, therefore any
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value in the unprotected data exceeding 10 must be invalid. If this occurs the erroneous correction is 

replaced by 0, hence resulting in a maximum error of ±10m.

In the bit splitting method if a correction was incorrect but its value was still valid, i.e. the value 

was within the range 0 < C < n ~ I, then the maximum error was still n - 1. However, with this 

method this is not the case. In the worst case we may imagine that -10 may be replaced by 10, thus 

the resulting error would become 20. Therefore the maximum error in this case would become 2 Xe 

and the correct elevation would lie within the range

Decompressed Elevation - (2 X e) < Elevation < Decompressed Elevation -f (2 x e).

This shows that the maximum error may be double the specified maximum error if any errors remain 

undetected in the unprotected data. For this reason it may be necessary to investigate other ways of 

detecting errors when using this method.

5.6 Quadtrees

5.6.1 Description of Quadtrees

One commonly used technique for representing spatial data by adopting a grid structure in which the

cell size may be adapted according to the data being represented is the quadtree [61, 62].

The basic principle of a quadtree is to cover a planar region by a square and then recursively partition

squares into smaller squares until each square contains a suitably uniform subset of the input data.

Thus, the quadtree reduces the amount of storage required through the aggregation of homogeneous

blocks.

Example

As an example of the quadtree consider the 23 X 23 binary array shown in Figure 5.25 which corres 

ponds to the region of 1's shown in Figure 5.26.

0
0
0
0
0
0
0
0

0
0
0
0
0
1
1
0

0
0
1
1
1
1
0
0

0
0
1
1
1
1
0
0

1
1
1
1
0
0
0
0

1
1
1
1
0
0
0
0

1
1
1
1
0
0
0
0

1
1
1
1
0
0
0
0

Figure 5.25: A Binary Array.
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Figure 5.26: An Outline of a Region of 1's.

In the tree representation (Figure 5.27), the root node corresponds to the entire binary array. Each 

child of a node represents a quadrant (labelled in the order NW, NE, SW, SE) of the region represented 

by the parent node. If no further subdivision is required (i.e. the quadrant contains all Is or all Os) 

then a leaf node is reached, and it is termed either black or white depending on whether it has values 

1 or 0. All nonleaf nodes are said to be grey nodes and are subdivided further. The corresponding 

maximal block decomposition of this binary array is shown in Figure 5.28.

16

6 7 8 9 11 12 13 14

Figure 5.27: Quadtree Representation.

1

3

6
8
11
13

7
9
12
14

2

4

10

15

5

16

Figure 5.28: Maximal Block Decomposition.
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5.6.2 Linear Quadtrees

The original quadtree implementation, as described above, does have an overhead in terms of the 

maintenance of a large number of pointers, which may occupy considerable amounts of storage space. 

The storage overhead incurred due to the use of pointers may be reduced by using a pointer-less 

implementation. An effective way of achieving this is through linear quadtrees, where the quadtree is 

simply treated as a collection of the leaf nodes comprising it. The leaf nodes are identified by alpha 

numeric keys [60]. Decoding these key values determines the co-ordinates of the region represented 

by the node.

Each leaf node is assigned a code comprising a sequence of digits (either 0,1,2 or 3), where each digit 

represents the quadrant subdivision from where it originated. Figure 5.29 illustrates which code digit 

is assigned to which quadrant. The key may also comprise a marker which indicates that the leaf 

node is not at the bottom level of the tree. For example, using X as the marker, the key 21X signifies 

a condensation of the nodes 210, 211, 212 and 213.

Figure 5.29: Locational Codes.

Example

The alpha-numeric keys for the previous example are illustrated in Figure 5.30.

203

221

03X

21X

1XX

Figure 5.30: Representation of the Region using Alpha-Numeric Keys.
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Of course, when applying this method to terrain all leaf nodes must be represented, since there will be 

no empty quadrants. The quadtree seen previously (Figure 5.27) may be represented by the numeric 

keys shown in Table 5.18.

Leaf 
Node

I
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16

Code
OOX
01X
02X
03X
1XX
200
201
202
203
21X
220
221
222
223
23X
3XX

Table 5.18: Quadtree Codes.

5.6.3 Application of Linear Quadtrees to DEMs

When constructing a linear quadtree from DEMs the criterion for stopping subdivision is that the 

values within a quadrant may be represented by a single value, or a small set of values, without 

exceeding a specified error tolerance. This is called the criterion for homogeneity. 

One of the simplest way of representing a set of data is by the midpoint of the data, i.e.

Max Value + Min Value Mid Point = ——————————————
2

If the difference between any quadrant value and this mid point value exceeds the error tolerance (in

this case 5m) then the quadrant must be subdivided further.

The use of quadtrees initially, results in lossy compression, however as with other methods residual

encoding can allow for lossless compression.

In order to assess the quadtree method using ST06 and ST08, the datasets must be subdivided such

that the quadtree is applied to a 2" X 2n block. Details of the division are shown in Table 5.19. In this

implementation the marker X takes the value 4. In order to reference a 256 X 256 surface, the range



CHAPTER 5. APPLICATION TO ROBUST DEM COMPRESSION 95

Surface
1 
2 
3
4

Subset of DEM
1..256 X 1..256 

1..256 X 146. .401 
146..401 X 1..256 

146..401 X 146..401

Table 5.19: ST06 and ST08 Subdivision.

of the key is 00000000 to 34444444 in base 5, or 0 to 312499 as a decimal, which can be represented 

using 19 bits. Along with the key, the mid value for each leaf node must also be stored, in ST06/ST08 

this will typically be represented in 10 bits. Thus, each leaf node will require 29 bits of storage. Since 

this is the information that is essential for good reconstruction, this is the information that must be 

protected. These simple calculations suggest that the method is likely to prove ineffective if there are 

a large number of leaf nodes in the quadtree.

The significant inefficiency in this method occurs when a leaf node is used to represent data at the 

bottom level of the tree, i.e. a 19-bit key is used to identify a 16-bit elevation. In practice it is far 

more efficient to store these values at the bottom level of the tree separately, i.e., these elevations are 

stored in their original form. When doing this not only are the number of leaf nodes requiring storage 

reduced, but, the node keys may be represented in 16 bits.

Tables 5.20 and 5.21 show the results achieved when applying the linear quadtree method to ST06 

and ST08 (the data is compressed further using arithmetic coding, and important data is doubled to 

approximate protection). It is noticeable from the above results that the method is able to achieve

Surface
1 
2 
3 
4

Average

Number of 
Leaf Nodes

3786 
7954 
3273 
6136
5287

Protected Protected Protected Differences 
Quadtree Midpoint Elevations
1.84863 0.71509 0.53589 1.79480 
3.88379 1.41284 0.71093 3.01624 
1.59814 0.62451 0.39795 1.43213 
2.99609 1.10669 0.62988 2.67468
2.58166 0.96478 0.56866 2.22946

Total

4.89441 
9.02380 
4.05273 
7.40734
6.34457

Table 5.20: Linear Quadtree Results for ST06 (bpe).

better compression for ST06 than for ST08, which is only to be expected due to the nature of the 

data. As mentioned previously ST06 contains a large amount of uniform data, which is highly suitable 

for this method.
A more complex method of representing a quadrant is via the surface patch quadtree [60]. The four 

corner points of each quadtree node are interpolated to provide a prediction for the elevations repres-
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Surface
1 
2 
3
4

Average

Number of 
Leaf Nodes

8173 
9047 
8686 
8034
8485

Protected Protected Protected Differences 
Quadtree Midpoint Elevations
3.99072 1.70044 4.85083 2.40295 
4.41748 1.82861 3.61157 2.68042 
4.24121 1.71777 3.41895 2.65442 
3.92285 1.60278 3.31860 2.62512
4.14307 1.71240 3.79999 2.59073

Total

12.94494 
12.53808 
12.03235 
11.46935
12.24618

Table 5.21: Linear Quadtree Results for ST08 (bpe).

ented by that node.

The results for compression using this method are 2.33 bpe and 5.74 bpe for ST06 and ST08 re 

spectively [60] (with an error tolerance of 5m). These results do not include any protection; should 

protection be incorporated into this method, the expected results would be 4.66 bpe for ST06 and 

11.48 bpe for ST08. It must be remembered that this is a lossy method with the lossiness constrained 

to 5m. Hence, any improvement gained by using the surface patch quadtree instead of the midpoint 

representation is not sufficient to become competitive with other methods.

5.7 Summary of Results and Conclusions

In this Chapter a selection of compression techniques have been applied to the problem of robust 

DEM compression with varying results. A summary of the results for ST06 and ST08 is presented in 

Tables 5.22 and 5.23. All results were obtained using an adaptive arithmetic encoder [1]. The results

Max. 
Error (m)

5
4
3
2
1
0

Bit 
Splitting

-
-

3.31207
3.32371
3.36943
3.42674

DCT

2.38263
2.43188
2.52044
2.71616
3.23008
5.33305

Vector 
Quantization

4.13540
-
-
-
-
-

Grid 
Interpolation

2.48795
2.55292
2.65392
2.83565
3.17118
4.12515

Linear 
Quadtrees
6.34457

-
-
-
-
-

Table 5.22: Comparison of Compression Methods for ST06 (bpe).

given for Vector Quantization are produced using global codebooks.

The tables show that if the maximum error specified (e) is very small, i.e. zero or one, then the 

bit splitting method is clearly the most suitable. This is to be expected since all other methods 

involve storing and protecting positions and elevations at errors greater than e. Hence, two integers
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Max. 
Error (m)

5
4
3
2
1
0

Bit 
Splitting

-
-

5.47723
5.44415
5.69056
6.28414

DOT

4.41903
4.56669
4.86500
5.47763
6.96479
9.08114

Vector 
Quantization

6.92465
-
-
-
-
-

Grid 
Interpolation

4.74953
4.93365
5.20673
5.65414
6.43011
7.99955

Linear 
Quadtrees
12.24618

-
-
-
-
-

Table 5.23: Comparison of Compression Methods for ST08 (bpe).

are stored for every error above e. Therefore, as e becomes smaller the cost of this extra storage

becomes increasingly high. The choice of which method to use if higher errors are allowed appears to

be a choice between the DCT based method and the Grid Interpolation method, with the DCT based

method achieving slightly better compression.
The results presented for VQ using local codebooks (Table 5.10) are certainly less than encouraging.

One of the main reasons for this being that the codebook requires a lot of storage and does not compress

well. Even though disregarding the local codebook and using global codebooks does significantly

improve the compression, there is little evidence to suggest that this method can be improved upon

significantly. In practice, it appears that the differences between image compression and terrain

compression are too great to make vector quantization work.

The linear quadtree has much to offer in the representation of spatial data. One of the main advantages

of the linear quadtree is its ability to adapt to the variability of terrain, while also allowing for storage

efficient indexing of the terrain. A further advantage of the quadtree is the simplicity of construction.

For these reasons the linear quadtree can be very useful in applications involving spatial databases.

However, in the area of terrain compression, the storage savings achieved are not sufficient to make

the method competitive with better known compression techniques. The results obtained show this

is equally true in the area of robust terrain compression.

All methods are asymmetric compression methods, i.e. the methods require more computational

work in one direction than the other. In each case the compression step requires more time and

system resources than the decompression step, (in the DCT and VQ based methods the difference is

considerable). In the real world this type of compression appears reasonable, since it may be expected

that terrain data will be compressed once for storage, but decompressed many times for use.

It should be noted that if the significant data and high errors were left unprotected and the low errors

were disregarded, then these methods may be used for constrained lossy DEM compression.

Brief consideration has been given to the use of wavelets [17] for robust DEM compression. The
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method is inherently lossy. Work in this chapter, with vector quantization and linear quadtrees, has 

shown that the cost of using lossy compression techniques for lossless compression is too high to make 
it competitive with other methods. One of the benefits of wavelets over other transforms, such as the 

Fourier transform and the DCT, is its ability to approximate sharp discontinuities within the data. 

However, since it is expected that most terrain exhibits a high degree of correlation this advantage is 

of little benefit in this application. Therefore, while wavelets are acknowledged to be one of the more 

popular image compression tools used at the moment, they are not considered further here. 

The work in this chapter has clearly identified the following three methods as promising in this area 

of error tolerant compression.

• Bit Splitting

• The DCT based method

• Grid Interpolation



Chapter 6

A Robust Progressive Compression 
Scheme for DEMs

6.1 Introduction

A robust progressive compression scheme may be applied to a DEM in such a way that the data is 

separated by some means into a hierarchical structure. Error control would be incorporated at each 

level. This type of method will ensure that when used in hostile environments, unless the errors 

incurred exceed the protection at the highest level of data (i.e. the coarsest level) a representation of 

the DEM will always be recovered. The user will also have the ability to reconstruct the data to a 

specific level. For example, the case of an aeronautical navigation system may be considered. In such 

a system it is critical to have reliable elevation data available on request.

While storage medium technology is not addressed here, it is accepted that the current storage tech 

nologies, such as floppy disks and CD-ROMs, have embedded error control which may result in a 

complete loss of data should an uncorrected error occur. Ideally a storage medium which gives access 

to erroneous data is required (or a 'basic' storage device with no embedded error control may be used). 

The previous chapter identified three methods which gave promising results for DEM compression, 

and in each method two levels of protection were used. For the purpose of a robust progressive com 

pression scheme more levels shall be considered.

This chapter outlines the requirements of such a system and determines which of the three methods 

described in Chapter 5 (i.e. bit splitting, grid interpolation and the DCT based method) are best 

suited to these requirements. A scheme is presented which uses the 'best' of these methods along with 

a good compression method and appropriate error control.

99
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6.1.1 Requirements for a Robust Progressive DEM Compression Scheme

The main requirements of a robust progressive compression scheme for DEMs may be summarised as 

below :-

• Good Lossless Compression

The scheme must provide reasonable compression when compared with the original data and 

the entropy of the data. As discussed previously the compression should be lossless (provided 

no error occurs in the compressed data) to ensure that the decompressed DEMs are as accurate 

as possible.

• Fast Decoding

The intended purpose of such a system would be archival storage of DEMs. As such it is expected 

that compression of a DEM will take place once and decompression many times. Therefore the 

decompression process must be efficient.

• Progressive Levels of Decoding

The system must be able to accommodate progressive decoding. This will enable the user to 

stop the decompression process at any desired level and thus obtain the required representation 

of the data without decompressing the entire data set to its full resolution.

• Controlled Degradation of Quality in Hostile Environments

The prime objective of the system along with good compression, is to achieve a certain quality 

in the decompressed data. When storing data in hostile environments it is expected that an 

increase in error rates would induce a reduction in data accuracy. Thus, the system must have 

varying levels of protection, with the most coarse representation of the data given strong error 

control. It is also desirable that the levels are constructed in such a way that some knowledge 

of the accuracy of the reconstructed data is obtained.

6.2 The Choice of Method

For the bit splitting method at each level the elevations are divided by two and the corrections are 

stored, the elevations at the highest level are then stored as corrections to the linear predictor. Recall 

that the grid interpolation method down-samples the data by a factor of two, both horizontally and 

vertically, at each level and the corrections to the up-sampled predicted data are stored. Once again 

the elevations at the highest level are stored as corrections to the linear predictor. The DCT may be
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used to achieve progressive compression by either spectral selection or successive approximation as 

described in Section 2.9.4

6.2.1 Compression Performance

The three methods, i.e. bit splitting, grid interpolation and the DCT based method, have been shown 

to provide good compression when using two levels of protection.

The DCT based method is essentially a lossless method. While the figures produced in the previous 

chapter (Tables 5.22 and 5.23) suggest that the method gives results which are competitive with results 

produced by bit splitting and grid interpolation, it must be remembered that in order to make the 

method lossless, consideration must be given to the storage of rounding errors. In the cases of ST06 and 

ST08, the costs of storing these rounding errors are 0.96966 bpe and 1.31437 bpe respectively. Thus, 

the total lossless compression achieved for ST06 is 3.35229 bpe and similarly the lossless compression 

achieved for ST08 is 5.73340 bpe (with 5m maximum error). It can now be seen that the bit splitting 

and grid interpolation methods give significantly better results than the lossless DCT. 

The results presented for two levels of compression for bit splitting and grid interpolation indicate 

that there is little to choose between the two methods. Grid interpolation performs better on ST06 

and bit splitting performs better on ST08. The number of levels used will be increased from two, 

in order to allow for an increased number of protection layers. Therefore, each method's ability to 

compress a higher number of levels should be examined.

Four tables are presented (Tables 6.1, 6.2, 6.3 and 6.4) which illustrate the results achieved (in bits 

per elevation) for bit splitting and grid interpolation when up to eight levels are used.

Number 
of Levels

1
2
3
4
5
6
7
8

1
1.71337
0.82328
0.82328
0.82328
0.82328
0.82328
0.82328
0.82328

2

1.27308
0.80099
0.80099
0.80099
0.80099
0.80099
0.80099

3

0.92601
0.71666
0.71666
0.71666
0.71666
0.71666

4

0.66612
0.57686
0.57686
0.57686
0.57686

Levels 
5

0
0
0
0

43452
39343
39343
39343

0
0
0

678

25617
24119 0.12169
24119 0.11796 0.02562

Total 
(bpe)

1.71337
2.09636
2.55028
3.00705
3.35232
3.56739
3.67411
3.69600

Table 6.1: Bit Splitting Results for ST06.

When looking at the bit splitting results it is apparent that the corrections at the first level do not 

compress well. This is to be expected since the distribution of bits is anticipated to be somewhat
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Number 
of Levels

I
2
3
4
5
6
8
8

1
1.71337
1.10940
1.10940
1.10940
1.10940
1.10940
1.10940
1.10940

2

0.63119
0.43244
0.43244
0.43244
0.43244
0.43244
0.43244

0
0
0
0
0
0

3

22612
15567
15567
15567
15567
15567

0
0
0
0
0

4

07726
05388
05388
05388
05388

Levels 
5

0
0
0
0

02602
01866
01866
01866

0
0
0

678

00905
00682 0.00348
00682 0.00269 0.00164

Total 
(bpe)

1.71337
1.74059
1.76795
1.77477
1.77740
1.77909
1.78034
1.78118

Table 6.2: Grid Interpolation Results for ST06.

Number 
of Levels

I
2
3
4
5
6
7
8

1
3.14207
1.01278
1.01278
1.01278
1.01278
1.01278
1.01278
1.01278

2

2.33889
1.01109
1.01109
1.01109
1.01109
1.01109
1.01109

3

1.71934
0.66383
0.66383
0.66383
0.66383
0.66383

4

1.29745
0.95363
0.95363
0.95363
0.95363

Levels 
5678

0.99283
0.81945 0.70447
0.81945 0.59054 0.43945
0.81945 0.59054 0.38119 0.24522

Total 
(bpe)

3.14207
3.35167
3.74321
4.32097
4.96997
5.50106
5.82658
6.01354

Table 6.3: Bit Splitting Results for ST08.

Number 
of Levels

1
2
3
4
5
6
8
8

1
3.14207
2.06232
2.06232
2.06232
2.06232
2.06232
2.06232
2.06232

1
0
0
0

2

13382
77457
77457
77457

0.77457
0
0

77457
77457

3

0.40104
0.28045
0.28045
0.28045
0.28045
0.28045

4

0.12677
0.08910
0.08910
0.08910
0.08910

Levels 
5

0.04025
0.02851
0.02851
0.02851

0
0
0

678

01338
00920 0.00478
00920 0.00338 0.00219

Total 
(bpe)

3.14207
3.19614
3.23794
3.24411
3.24670
3.24834
3.24894
3.24973

Table 6.4: Grid Interpolation Results for ST08.

random at this level. However at each higher level the compression of corrections becomes better 

since the resulting bits become less random.
For the grid interpolation method there are only small increases in the bpe results when more levels are 

used. The grid interpolation corrections at the higher levels are certainly less amenable to compression 

than the bit splitting corrections, but, there are so few corrections at the grid interpolation higher
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levels that the poor compression is not noticeable when added to the well compressed corrections at 

lower levels.

A comparison of the compression achieved by bit splitting and grid interpolation, for ST06 and ST08, 

can be seen in Figures 6.1 and 6.2, respectively. Clearly in both cases the grid interpolation method 

outperforms the bit splitting method by some margin when a higher number of levels are used. It 

must be remembered that with the grid interpolation method the corrections must be split into both 

high and low corrections, but the resulting bpe still remains lower than the bit splitting results. For 

example, with 8 levels, separation of the corrections, into high and low corrections,results in 1.88892 

bpe for ST06 and 3.54145 bpe for ST08.

<»
~ 3^

U)

2 -,fl. 1
o
O 0

- Bit Splitting

••Grid 
Interpolation

12345678 

Number of Levels

Figure 6.1: Comparison of Compression Results for ST06 when using more than Two Levels.

6.2.2 Computational Complexity of Decompression

Given an n X m DEM, which will be compressed using I levels, the computational complexity of the

bit splitting and grid interpolation methods may be calculated.

The bit splitting method involves one addition and one multiplication for each elevation at each

level, except the highest level which will require three additions per elevation. This will result in

(I — l)«m + 3nm = (I + 2)nm additions and (/ — l)nm multiplications.

For each elevation in the fine grid, the grid interpolation method requires four additions and three
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JJ-6H
c 5 
.2 4" 3

fi.2
I 1 
o 0

Bit Splitting

Grid 
Interpolation

12345678 

Number of Levels

Figure 6.2: Comparison of Compression Results for ST08 when using more than Two Levels.

multiplications. Once again at the highest level three additions are required per elevation. At each 

level i there are approximately |"£] [§£] — \-^r] \^Ti] elevations in the fine grid. Therefore, there 

are approximately

+ 3 X
n

2i-i

additions altogether, and

™
multiplications, where [x] is the smallest integer > x.

Determining the computational complexity of the DCT based method is less simple. The number of 

additions and multiplications is dependent on the size of the DCT block used and the implementation. 

As an example, Pennebaker and Mitchell [29] suggest that efficient implementations of the 8x8 DC'T 

and quantization may result in less than one multiplication and nine additions per coefficient. (A 

lossless DCT method would require one further addition per elevation.) If the DCT method employed 

a spectral selection method of progressive transmission no further multiplications or additions would 

be required. However, if successive approximation were used further complexity may be required to
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perform the bit splitting.

Consider a 401 X 401 DEM which has been compressed with 6 levels, Table 6.5 illustrates how many
additions and multiplications are required for each method.

Method
Bit Splitting 

Grid Interpolation 
DCT

Additions
1125607 
643035 

1608010

Multiplications
804005 
481896 
160801

Table 6.5: Comparison of the Number of Additions and Multiplications Required for each Method for 
a 401 X 401 DEM with Six Levels of Data.

The figures presented for the DCT relate only to the calculation of the DCT coefficients (along with 
some quantization) plus one extra addition to ensure the method is lossless. These figures are calcu 

lated using ten additions and one multiplication per elevation.

Clearly, in this example, the bit splitting method requires the greatest number of additions and multi 
plications. While the DCT has less multiplications than the grid interpolation method, the difference 
in the number of additions indicates that the grid interpolation method is the least computationally 

complex of the three methods.

6.2.3 Progressive Decompression

The progressive transmission of data may be achieved in two ways: horizontal refinement and vertical 

refinement. In terms of DEM compression this may be seen as an increase in the accuracy of vertical 
resolution or of horizontal resolution. When used progressively, starting at the top level, both the bit 
splitting and the DCT method will gradually increase the vertical resolution of the data, while the 

grid interpolation method will increase the horizontal resolution.
It is accepted that the suitability of either approach may be application dependent. However, it seems 
reasonable to suggest that the horizontal refinement approach appears to be the natural choice when 
dealing with OEMs, since this will result in an accurate set of data at any stage. (Techniques for the 

interpolation of OEMs are widely available e.g.[63].)

6.2.4 Error Control and Recovery of Data

While these methods are not intended to contain error control, both the bit splitting and the grid 
interpolation methods contain some inherent error detection. In both cases, the range of values the 

corrections may take is known when reconstructing the data, and if a value outside of the range is 
encountered then an error has been detected. Similarly in both the grid interpolation method and
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the DCT when using the high corrections some information is known prior to reconstruction, (i.e. 

recall that the data is scanned in raster scan order and the high errors are stored as the differences 

of positions and elevations, thus the position difference is greater than 0; otherwise the data is not in 

raster scan sequence).

Provided an undetected error does not occur in the data, some assurance may be made about the 

accuracy of the data in the bit splitting and grid interpolation methods.

In each case it is assumed that if an error occurs in the data at level I than the data in all levels < I 

will also be affected, since the lower levels will have less protection.

Should an error occur in the bit splitting method some knowledge about the accuracy of the data is 

attained from the level in which the error occurred. For example, if an error occurred in the corrections 

for level 3, then the reconstructed data would be accurate to within 15m (i.e. (l+2+4+8)m from levels 

0, 1, 2 and 3 respectively).

Now consider the effect of error in the grid interpolation method when applied to a DEM with an 

original resolution of km. If an error occurs in the high corrections at level I, then the reconstructed 

data will be accurate at level I + 1 and will have a resolution of (2l+1 x fe)m. Consider also an 

error occurring in the low corrections at level I, this will result in the data at level I being accurate 

to within ± the defined maximum error at that level, and will have a resolution of (2' X fe)m. 

Finally, the effect of error on the DCT based method may be considered. Regardless of which method 

is used to construct the multiple levels, i.e. successive approximation or spectral selection, if an error 

occurred at any level the effect on the terrain would be unpredictable. In both cases an erroneous 

DCT coefficient may result in the entire block being affected. No guarantees of accuracy can be made 

about the reconstructed data after an error has occurred, unless a structure is forced through the 

storage of high corrections. For example, using the spectral selection method, at level 8 a subset of, 

say 4 X 4 coefficients may be stored along with all high corrections above, say 80m, likewise, at level 

7, 6 X 6 coefficients along with all high corrections above 70m may be stored, and so on. However, 

such a process would undoubtedly increase the compression required.

6.2.5 Conclusions

The grid interpolation method has been chosen for implementation in the robust progressive compres 

sion scheme. The reasons for the choice of this method are:

• good compression over many levels;

• efficient reconstruction of data;
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• progressive nature favourable to DEMs (i.e. the down-sampling);

• good structure leading to good recovery of data.

6.3 Grid Interpolation using Multiple Levels

The grid interpolation method is discussed at length in Chapter 5.

In theory the number of levels used for a DEM may be defined such that the highest level contains 

only four elevations. In practice this is unrealistic, a number should be chosen to fit in with the error 

control available, and the data at the highest level should still provide a useful representation of the 

original DEM. Here the number of levels is chosen to be six (i.e. level 0 to level 5). An example of 

the breakdown of a 401 X 401 DEM is shown in Figure 6.3.

14 X 14 26 X 26 51 X 51 1O1 X 101 2O1 X 201 401 X 401

D D

Level 5 Level 4 Level 3 Level 2 Level 1 Level 0

Figure 6.3: An Example of a Six Level Breakdown of a 401 X 401 DEM.

The previous implementation of the method was primarily intended for the compression of ST06 and 

ST08 only. As such the ranges of data were known beforehand and a choice of appropriate binary 

representations were used prior to compression. The low corrections were represented using 8 bits, the 

high corrections and the coarse grid were represented using 2 bytes with the high order byte encoded 

first then the low order byte. Since the compression scheme must cater for terrain in general, the 

coarse grid and high corrections are represented using 32 bits and the low corrections using 16 bits. 

An example of the differences the bit representations make to the compression results is shown in 

Table 6.6. In this example the linear predictor corrections are calculated, converted into a binary 

representation and then compressed using the arithmetic encoder.

The separation of the high and low order bytes clearly results in good compression. However, in 

terms of error this separation of high and low order bytes may result in an unnecessary loss of data.
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Data

ST06 
ST08

16 bit (bpe) (with separation of 
high and low order bytes)

1.71332 
3.14207

16 bit 
(bpe)

2.24426 
3.87366

32 bit 
(bpe)

2.72207 
5.13265

Table 6.6: Comparison of Compression achieved for Linear Predictor Corrections when using Different 
Bit Representations Prior to Arithmetic Encoding.

Consider a 401 X 401 DEM with 16 bit elevations, where an error occurs in the 1286410*^ bit (i.e. 
the 160802^" byte). Representing this as 2 bytes will result in the loss of half the elevations, if this 
were represented by encoding all the high order bytes first and then all the low order bytes, then all 
the data would be inaccurate.
In an effort to generalise the compression scheme for all terrain it is accepted that as a result the 
compression performances for ST06 and ST08 may deteriorate.

6.4 Implementation of Arithmetic Coding

The arithmetic encoder utilised here is the adaptive arithmetic encoder of order n as implemented by 
Nelson [1]. The results in Table 3.2 indicate that the encoder results in good compression for OEMs. 
Arithmetic coding has the problem that the decoder does not automatically know when the end of 
the message is reached. For this reason Nelson has introduced an end of file symbol which when 
encountered tells the decoder that the end of the message has been reached. It is useful to note that 
a "fatal error" is raised by the program if the 'end of file' marker is reached before the 'end of stream' 

symbol has been decoded.
The main details of the implementation of the adaptive arithmetic encoder of order n are not con 

sidered here, as a full description is given in [1].

6.5 Error Control
6.5.1 Error Control and Data Compression

As outlined in Section 6.1.1 both data compression and error control are required, however, it is not

immediately apparent in which order they should occur.

Consider the two possibilities shown in Figures 6.4 and 6.5.

Let t be the number of errors correctable per block by the decoder. \(s) and <A(s) are defined to

be the number of errors resulting after s errors per block are input into the decompressor and the

decoder respectively. Typically A(s) > s-
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Compress Encode Channel Decode Decompress

Error

Figure 6.4: Case A - Error Control after Compression.

Encode Compress Channel Decompress Decode

Error

Figure 6.5: Case B - Error Control before Compression.

Now consider the overall number of errors (0(s)) resulting from Cases A and B.

eB (s) =

0 if s < t

\(<f>(s)) otherwise

vt

(6.1)

(6.2)

Due to the unpredictability of the functions A and (j>, there is no indication as to whether \(4>(s)) < 

</>(A(s)) or vice versa. However, it is clear that in terms of error control Case A is distinctly better 

than Case B when s < t, [42].

A third possibility may also be considered, namely, the integration of error control into a data com 

pression scheme. Boyd et al. [65] present a method which incorporates an error detection mechanism 

into arithmetic coding. The method works by reducing the interval that the encoder uses and thus 

adding redundancy to the compressed message. On decoding a simple check determines whether the 

number falls outside the appropriate range, if so an error had been detected.

For the purpose of this work compression takes place prior to error control. A brief discussion on 

the inherent error detection capabilities of the arithmetic coding implementation used here is given in 

Section 6.5.4.
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6.5.2 Implementation of BCH Codes

The following (n,fc,d) BCH codes have been implemented, (127,120,3), (127,106,7), (127,92,11), 

(127,78,15) and (127,64,21), which have error correction capabilities of 1, 3, 5, 7 and 10 bit errors per 

block of 127 bits, respectively. 

To construct the field GF(2r) the primitive polynomial

h(x) = x7 + x3 + I

has been used [48].

The generator polynomials, Gt (x) for a t error correcting code are derived as described in Chapter 4,

and are shown below.

d(x) = l + x3 + xr (6.3) 

G3 (x) = 1 + x + z5 + x6 + xr + x* + x 11 + x12 + x 14 + x15 + x 17 + x 18 + x21 (6.4) 

G5 (x) = l + x + z^x^x^x^x^ + x^ + x^ + z^ + x^ + x'S + x^ + x29 

+z31 + x34 + x35 (6.5) 

G7 (x) = 1 + x2 + x3 + x6 + x 12 + x13 + x 15 + x 19 + x20 + x 22 + x23 + x 24 + x28

H-x39 + x40 + x43 + x46 + x47 + x49 (6.6)

Gio(x) = 1 + x2 + x 5 + x 15 + x 18 + x 19 + x21 + x22 + x 23 + x 24 + x25 + x26 + x30

x61 + x63 (6.7)

In this work the BCH codes are applied to the different levels of data as shown in Table 6.7. The 

choice of such codes in general may be dependent on the knowledge of channel used, and the likelihood 

of error.

Level

5
4
3
2
1
0

Coarse 
Grid

10
-
-
-
-
-

High 
Corrections

-
10
7
5
3
1

Low 
Corrections

-
7
5
3
1
0

Table 6.7: Error Correction Capabilities, *, at each Level (n = 127).

The decoding of the BCH codes has been achieved using the Berlekamp Massey algorithm, followed by
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t
10
7
5
3
1
0

d
100
120
142
183
317
1

B
1000
840
710
549
317
0

S
12700
15240
18034
23241
40259
127

Table 6.8: Interleave Patterns.

the Chien search. Firstly the syndromes are calculated, if an error has occurred then the Berlekamp 
Massey algorithm is used to determine the error locator polynomial, and the roots of the error locator 
polynomial are then determined.
A BCH decoder failure occurs when the degree of the error locator polynomial is greater than t for a 
t-error correcting code, or, when the degree of the error locator polynomial is not equal to the number 
of roots of the error locator polynomial found in GF(27). A BCH decoder error occurs when the 
decoder 'corrects' a codeword to the wrong binary word.

6.5.3 Interleaving

The simple interleaving strategy described in Section 4.6 is implemented here. Once again in practice 

the choice of interleave depth would be dependent on the channel used and the expected length of 

possible bursts. For the purpose of this work, we shall assume a likely burst to be less than 1000 

bits. When choosing an appropriate interleave depth consideration must be given to the storage 

requirements, and the amount of error free transmission which will be required after a burst. For 

example, if a 10-error correcting code were used, and an interleave depth of 100 employed, then 

a burst of length 1000 may be corrected, however no other errors which may occur in the block 

can be guaranteed correctable. In this case a 127 X 100 storage array would be required prior to 

transmission/storage.
In Table 6.8 the pattern of interleave depths which are implemented here are shown, d is defined to 

be the interleave depth, B(= dt) is the maximum burst length correctable for a * error correcting 

code and S(= 127d) is the size of the interleave block in bits. Here the values of d are chosen in 

such a way that the value of BS remains approximately constant. This is to ensure some compromise 

is achieved between B and S, i.e. between the maximum burst length correctable and the size of the

interleave block.
In this implementation of interleaving some problems exist at the end of the data sections. Suppose

there are N codewords in a level of data, then define M to be M = Nmod d. If M 5* 0 then
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the last M codewords are interleaved to depth M. For example, consider the case where there are 

230 codewords (of length 127) in a section of data and d = 100, (S = 127 X 100). The first 100 

codewords are read into the interleave array row wise and output column wise, which will leave 130 

codewords to be interleaved. The next 100 codewords are dealt with similarly, which will leave 30 

codewords. The interleave array can no longer be filled by the codewords, in this case 30 rows of the 

array are filled and d is forced to be 30 for this end block of data. Consequently, the maximum burst 

correctable is 30t for this end block of data, and not 100*.

This problem may be overcome by choosing an appropriate interleave depth once the number of 

codewords in a block is known. Alternatively the data from the following level may be added to 'fill' 

up the last block of a section. Here neither solution is implemented; the end of a data section occurs 

rarely in the data and only a relatively small amount of data may be affected.

6.5.4 Inherent Error Detection

The use of error control does not guarantee error free data. In some cases BCH decoder error may 

occur, where a codeword is incorrectly decoded, resulting in erroneous data. In such cases knowledge 

of the expected reconstructed data may help determine if a BCH decoder error has occurred. In this 

particular instance two basic things are known about the data; i.e., it is the output of an arithmetic 

coder, and it is terrain data.

The fragile nature of arithmetic coding may be used as a check to highlight any errors not detected by 

the error control. Numerous tests have led to the conclusion that in the majority of cases the arithmetic 

encoder flags an error message once an error has occurred in the compressed data. As explained in 

Section 6.4 if the encoder encounters the 'end of file' marker then an error has occurred. While the 

arithmetic decoder detects an error in the majority of case, it is possible that after decompression an 

undetected error still exists in the data.

Since the decompressed data is known to be terrain data, there may be certain characteristics which 

may be sought to verify that the data is in fact terrain (this idea is discussed in further detail in 

Chapter 7). In this method, the structure of the data will also lead to further checks. By definition, 

the low corrections at each level are less than the maximum error specified for the level (note that the 

maximum error for each level is stored in the header information). Therefore, should a low correction 

exceed the maximum error then an error has occurred. Similarly it is known that the high corrections 

consist of position differences followed by elevation differences, should the position difference be less 

than 1, then once again an error has been detected (this is mentioned previously in Section 6.2.4). 

Therefore, the following checks are incorporated into the algorithm after the BCH error control:
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1. no error occurs in the arithmetic decoder;

2. the position differences in the high corrections lie in the range l..nm, where n and m are the 

dimensions of the level being reconstructed;

3. the values of the low corrections lie within the range -max error..max error.

6.6 Data Recovery

An error may occur in three different sections of the data: the coarse grid, the high corrections and 

the low corrections.

If an error occurs in the coarse grid, then all the 'correct' data (i.e. data in which no errors have been 

detected) is used, and a partial coarse grid is constructed from this data.

If an error occurs in the high corrections at a level I, then the correct data from the level I + 1 is used 

to form a correct DEM, also another partial DEM is constructed from all the correct high corrections. 

(All values where the data is unknown are set to an arbitrary value, in this case -9999.) This will 

result in two DEMs; one accurate DEM with resolution 2l+1 fe (fe is the original resolution) and the 

other is a partial DEM of ± max error accuracy with resolution 2'fe. An example of the recovery 

follows. The data being compressed is ST08 and an error has occurred in the high corrections at level 

1. Thus, level 2 has been reconstructed (Figure 6.6) and level 1 has been constructed with ±5m error 

(Figure 6.7). The differences between the correct data at level 1 and the reconstructed data at that 

level are shown in Figure 6.8. A distinct pattern can be seen in the erroneous data, the predominant 

'chequered' pattern occurs because the low corrections are no longer used and thus the coarser grid is 

seen.
If an error occurs in the low corrections at a level /, then once again two DEMs are reconstructed. 

Firstly the DEM at level / is constructed using only the high corrections (which will give ± max error 

accuracy). Secondly, another DEM at level I is constructed, this time the DEM is not complete but 

all elevations contained are 'correct'. As an example ST08 is once again compressed and errors are 

introduced into the low corrections at level 1 of the compressed data. Figure 6.9 shows the DEM 

correct to ± max error accuracy, and Figure 6.10 shows the differences between this DEM and the 

correct data at level 1.

6.7 Summary of Implementation

For convenience of DEM visualization, this scheme requires as input a DEM in ASCII raster format, 

and outputs the same format. Decompressed data may then be viewed in CIS software such as
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Figure 6.6: Reconstructed ST08 Level 2 with BCH Error in the High Corrections at Level 1.
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Figure 6.7: Reconstructed ST08 Level 1 with BCH Error in the High Corrections at Level 1.
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Figure 6.8: Differences Between Figure 6.7 and the Original ST08 at Level 1.
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Figure 6.9: Reconstructed ST08 with Arithmetic Error in the Low Corrections at Level 1.
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Figure 6.10: Differences Between Figure 6.9 and the Original ST08 at Level 1.

Arcview.
The compression process yields certain information which is vital for correct reconstruction of the

data. This information consists of details at each level such as: error correcting codes used, interleave

depths and maximum errors. This critical data is not compressed but is protected using a 10-error

correcting code.
The complete compression and decompression algorithms are given in the following sections.

6.7.1 Compression Algorithm

1. set I := 0 (the number of levels)

2. read the data from file

3. down sample the data by a factor of 2 in both the x and y directions to give a coarse grid

4. up-sample coarse grid data to calculate a predicted fine grid

5. calculate the corrections between the actual fine grid and the predicted fine grid

6. define high corrections to be those corrections above a certain error limit (e) along with their 

raster scan order position, and all other corrections as low corrections
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7. arithmetic encode high and low corrections separately

8. BCH encode the compressed high and low corrections according to the values shown in Table 6.7

9. interleave the encoded high and low corrections according to the depths shown in Table 6.8 and 

write the data to file

10. set I := I + I

11. if / < 6 then repeat from step 3

12. calculate the linear predictor corrections to the coarse grid {Note that the linear predictor is 

only used on the data at the highest level.}

13. arithmetic encode the linear predictor corrections

14. BCH encode the compressed linear predictor corrections according to the values shown in 

Table 6.7

15. interleave the encoded corrections according to the depths shown in Table 6.8

16. BCH encode the header information using the 10 error correcting code and interleave

17. concatenate all compressed files and header information 

6.7.2 Decompression Algorithm

1. set n :=the required level and I :=-the number of levels

2. read the data from file and separate into compressed data and header information

3. reverse interleaving and BCH decode the header information

4. • if a BCH error has occurred then no data is reconstructed and STOP 

• otherwise continue to step 5

5. read the linearly predicted coarse grid corrections from file

6. reverse interleaving of linearly predicted corrections

7. BCH decode linearly predicted corrections

8. arithmetic decode linearly predicted corrections
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9. • if a BCH or arithmetic error has occurred, reconstruct the coarse grid, using the linear 

predictor, with all 'correct' data available (unknown data is given the value -9999) and 

STOP

• otherwise reconstruct the coarse grid fully using the linear predictor

10. • if / = n then STOP

• otherwise Z := I — 1

11. read high corrections at level 1 from file

12. reverse interleaving of the high corrections

13. BCH decode the high corrections

14. arithmetic decode the high corrections

15. check the data has acceptable values i.e. position differences > 0

16. • if a BCH, arithmetic or data error has occurred, reconstruct level /, using the high correc 

tions, with all 'correct' data available (unknown data is given the value -9999) which will 

give a partial representation of level Z at ± max error accuracy, a full accurate DEM from 

level I + 1 is also available, and STOP

• otherwise reconstruct level I fully using the high corrections, which will give level I at ± 

max error accuracy

17. read low corrections at level / from file

18. reverse interleaving of the low corrections

19. BCH decode the low corrections

20. arithmetic decode the low corrections

21. check the data has acceptable values i.e. ± max error

22. • if a BCH, arithmetic or data error has occurred, partially reconstruct level /, using the 

high and low corrections, with all 'correct' data available (unknown data is given the value

•9999) also reconstruct level / using only the high corrections to give a full level at ± max 

error accuracy, and STOP 

• otherwise reconstruct level I fully using the high and low corrections
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23. • if* = n then STOP

• otherwise / := I — 1 and repeat from step 9

6.8 Simulation of Errors 

6.8.1 Random Bit Errors

Random errors are inserted into the compressed bit stream by considering each individual bit of the 

compressed data and the value of a uniformly distributed random number. If the random number 

falls below a threshold value, p, then the bit is inverted, p is the bit error rate (BER). 

Two different random number generators were used; the random number generator supplied with Ada 

95 and a random number generator as suggested in [64]. A two stage approach was also tested. There 

were no apparent differences in results from the different random number generators. 

Random errors were simulated in three different compressed data files, namely, ST06, ST08 and An 

chor. In the context of the data used these sets may be considered as resulting in "good" compression, 

"medium" compression and "poor" compression respectively. Each data set is split into six levels 

prior to compression, and the compressed data is then encoded using a t-error correcting BCH code, 

where the value of * corresponds to the differing levels as indicated in Table 6.7. 

A summary of the results is given in Table 6.9. The Table shows at which stage of decompression 

an uncorrected error occurred and the number in brackets indicates how many times the given result 

occurred, 'errpos i' and 'corr i' represent the high corrections at level i and the low corrections at 

level i, respectively.

p = 0.01

p = 0.001

p = 0.0001

ST06
BCH error in corr 3 (2) 
BCH error in errpos 2 (11) 
BCH error on corr 2 (17)

Arith error in corr 1 (29) 
Arith error in corr 0(1)
Arith error in corr 1 (3) 
Arith error in errpos 0(1) 
Arith error in corr 0 (29)

ST08
BCH error in errpos 3 (2) 
BCH error in corr 3 (1) 
BCH error in errpos 2 (23) 
BCH error in corr 2 (4)
BCH error in corr 2 (1) 
Arith error in corr 1 (29)
Arith error in corr 1 (3) 
Arith error in corr 0 (27)

Anchor
BCH error in errpos 3(1) 
BCH error in corr 3 (1) 
BCH error in errpos 2 (23)

Arith error in corr 1 (15) 
Arith error in errpos 1 (15)
Arith error in errpos 0 (12) 
Arith error in corr 0 (18)

Table 6.9: Results after the Insertion of Random Bit Errors.

Further tests were carried out with p = 0.1 and p = 0.00001. In the case of p = 0.1, in the vast 

majority of cases an error occurred in the header information, thus resulting in no recovery of data.
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Conversely when p = 0.00001 few uncorrected errors occurred.

These results indicate that the compression scheme will correct errors, or recover the data to a reas 

onable level of accuracy and resolution, unless the error rate is very high, i.e. p > 0.01.

6.8.2 Burst Errors

In this case an error burst is defined to be an erasure error, where a string of O's replaces the original

bit stream. Once again a random number is taken from a uniform distribution to determine, at each

bit, whether a burst of errors begins at that bit. A second random number between 1000 and 1050 is

then used to determine the length of the burst (again the distribution is uniform).

Bursts of this length have been chosen because the interleave depths were designed to handle bursts

of length in the region of 1000 bits. It must be remembered that while a burst of length < B is

guaranteed correctable, in practice the combination of encoding and interleaving is likely to correct

bursts in excess of B. Only in the worst case (i.e. when the original bit stream consists of all 1's) will

a burst of length 1000 actually cause 1000 errors in the block.

In the results below p is the probability of a burst starting at any bit. Once again, 'errpos i' and 'corr

i' represent the high corrections at level i and the low corrections at level i, respectively.

p = 0.0001

p = 0.00001

p = 0.000001

ST06
BCH error in header (3) 
BCH error in coarse (1) 
BCH error in errpos 4 (4) 
BCH error in errpos 3 (2)
BCH error in errpos 4 (2) 
BCH error in corr 4 (1) 
BCH error in errpos 3 (1) 
BCH error in errpos 2(1) 
BCH error in corr 2 (1) 
Arith error in corr 1 (3) 
Arith error in corr 0(1)
BCH error in errpos 1 (1) 
Arith error in corr 1 (2) 
Arith error in corr 0 (2) 
No error (5)

ST08
BCH error in header (2) 
BCH error in coarse (3) 
BCH error in errpos 4(1) 
BCH error in errpos 3 (4)
BCH error in coarse (1) 
BCH error in errpos 3 (2) 
BCH error in corr 3 (1) 
BCH error in errpos 2 (4) 
BCH error in errpos 1 (2)

BCH error in errpos 3 (2) 
Arith error in corr 0 (3) 
No error (5)

Anchor
BCH error in header (3) 
BCH error in coarse (3) 
BCH error in errpos 4 (2) 
BCH error in errpos 3 (2)
BCH error in header (1) 
BCH error in coarse (2) 
BCH error in errpos 3 (4) 
BCH error in errpos 2 (3)

BCH error in errpos 3(1) 
BCH error in errpos 1 (8) 
BCH error in errpos 0(1)

Table 6.10: Results after the Insertion of Burst Errors (Burst Length = 1000..1050).

These results indicate that even at high error rates (i.e. p = 0.0001) data may still be retained.
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6.9 Compression Results

The robust progressive compression scheme as described in this chapter has been applied to a variety 

of DEMs. The compression performances achieved by this scheme are compared with the bpe required 

for the original data, and the entropy of the linear predictor corrections. The results are presented 

in the following tables. Tables 6.11, 6.11 and 6.13 show the results for 60m, 50m and 30m horizontal 

resolution data, respectively. Finally, Table 6.14 shows the results for 3 arc-second data (or approx 

imately 100m horizontal resolution). (In all cases the maximum error between levels is 5m.)

Data

Anchor

Original Data 
(bpe)

14

0 Order Entropy of 
LP Corrections (bpe)

6.73762

Progressive Gl 
Method (bpe)

16.58334

Table 6.11: Compression Results for 60m Resolution Data.

Data

ST06 
ST08 
SWales

Original Data 
(bpe)

9 
10 
11

0 Order Entropy of 
LP Corrections (bpe)

1.88009 
3.19774 
2.22892

Progressive Gl 
Method (bpe)

2.77715 
5.29032 
3.06534

Table 6.12: Compression Results for 50m Resolution Data.

Data

Belle
Crater
Eloise
Fairfax
Hogans 
Phantom
Tiefort

Original Data 
(bpe)

14
14
9
9
8 
13
14

0 Order Entropy of 
LP Corrections (bpe)

4.30455
4.00007
1.58941
2.52692
1.62641 
4.58799
3.27346

Progressive Gl 
Method (bpe)

7.88488
7.23505
2.11682
3.74486
2.02203 
8.89293
5.77056

Table 6.13: Compression Results for 30m Resolution Data.

As a measure, it is useful to note that in theory all the data could be compressed and protected at the 

highest level for a cost of (127/64) X the 0 order entropy for the LP corrections, where 64/127 is the 

rate of the highest rate error correcting code used here. Ideally the results produced for the proposed 

compression scheme should be significantly lower than this theoretical number. While in some cases
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Data

Aberdeen
Baker
Caliente
Dalhart
Eagle Pass
Fairmont
Gadsden
Yakima

Original Data 
(bpe)

11
13
13
12
11
10
11
12

0 Order Entropy of 
LP Corrections (bpe)

0.84060
3.79425
3.20167
1.38864
1.41450
1.20440
2.55529
2.97675

Progressive GI 
Method (bpe)

1.06057
6.72353
5.43705
1.84313
1.82331
1.58320
4.13341
4.91810

Table 6.14: Compression Results for 3 Arc-Second Data (Approximately 100m Resolution).

the differences between this measure and the actual result appear small it must be remembered that 

over a large dataset the differences can be significant. The storage savings between this measure and 

the produced results range from between 3% to 38% (with the exception of Anchor), with the ma 

jority of data resulting in savings of above 25%. The proposed compression scheme performs well on 

DEMs that result in a small percentage of corrections being above the maximum error, conversely the 

scheme is not as effective when a high number of corrections exceed the maximum error. For example, 

at the lowest level, 22% of the corrections for Phantom are above the maximum error consequently 

the storage saving is relatively low (i.e. 3%). Consider also Hogans, where 0.026% of the corrections 

at the lowest level are 'high corrections' and the saving incurred is 38%. This is to be expected since 

the high corrections are not as amenable to compression as the low corrections. 

It is noticeable that the results for Anchor are not impressive, this is due to the fact that Anchor is 

largely untypical of terrain. Figure 6.11 shows the mountainous region represented by the data. The 

key also gives an indication as to the vast array of elevations contained within the DEM indicating 

the variability of the terrain.

The time complexity of the scheme may be illustrated by a simple example. The 401 X 401 DEM 

representing ST08 was compressed in 83 seconds, decompression was achieved in 157 seconds. If an 

error occurs in the compressed data the decompression process becomes a little longer. For example, 

an error occurred in the corrections at the lowest level and the data was decompressed in 165 seconds. 

Similarly times were found for the compression and decompression of a larger 1201 X 1201 DEM 

(Gadsden). Compression and decompression took 607 seconds and 1090 seconds respectively, while 

decompression with error in the lowest level took 1170 seconds.

It should be remembered that any generalised implementation of a one-level linear predictor method 

is also subject to the complications of binary representation as discussed in Section 6.3. Therefore,
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Figure 6.11: A USGS DEM representing Anchorage in Alaska.

practical results of a generalised linear predictor method may not be as good as suggested in the 

preceding tables.

The method presented here has significant advantages in terms of data recovery over a one-level linear 

predictor method. In this case splitting the data into sections ensures that if the arithmetic decoder 

detects an error, then the section of data in error can be identified and the data reconstructed ap 

propriately. In a one-level linear predictor method, If an arithmetic decoder error occurs there is no 

knowledge as to where the error occurred in the data. Therefore, there is no idea of accuracy of 

the data in a simple one-level linear predictor method. Also the structure of the compressed data in 

this method gives some knowledge of the decompressed data expected which would not be given in a 

one-level linear predictor method. Should an error occur in this method, unless the error occurs at 

the coarsest level, a representation of the entire data set will still be reconstructed at some resolution. 

This is not the case with a linear predictor method, where after error the information about the rest 

of the data is completely lost.

The effect of burst errors in both cases may also be considered. It is apparent that the volume of data 

protected at the highest level of error correction is far greater in the one-level linear predictor case 

than in this robust progressive compression scheme. This implies that there is a higher probability 

of a burst error affecting and exceeding the protected data in the one-level linear predictor method,
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resulting in no data being recovered.

In conclusion, the proposed robust compression scheme results in impressive savings over the raw 

elevations (i.e. savings between 32%..90%), and produces favourable results when compared with 

theoretical results for a known DEM compression method.



Chapter 7

Identifying Terrain Data

7.1 Introduction

In the previous chapter a robust progressive compression scheme for OEMs was presented. Such 

a system, while offering protection against error, does not guarantee error free data. The software 

developed in Chapter 6 has been seen to detect error in all test runs, however, in theory the decom 

pressed data may still be erroneous. Therefore, for this application it seems useful to develop a test 

to determine the validity of the decompressed terrain data. In a more general sense the question "can 

terrain data be distinguished from other digital data?" may be asked.

In this chapter, a test, or series of tests, are sought to distinguish between terrain data and non- 

terrain data. Initially the problem of differentiating between correlated and random data is examined. 

Correlated datasets are denned to be datasets which exhibit a degree of interdependence, where neigh 

bouring values show some kind of relationship, (e.g. images, DEMs). Conversely, in random datasets 

no relationships between neighbouring values exist. 

The problem may be split into three sections:

1. Identifying globally correlated data

The correlation of the data is measured over the entire dataset, and used to determine if the 

majority of the data is correlated data (e.g. the terrain in Figure 7.1) or random data (e.g. 

Figure 7.2).

2. Identifying locally uncorrelated data

The data is examined at a local level to determine the existence of small sections of uncorrelated 

or spurious data, which are not typical of terrain, for example spikes in the terrain (Figure 7.3).

3. Distinguishing between terrain data and other correlated digital data

125
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The data is examined to determine if terrain data exhibits certain characteristics not present in 

other correlated data, or vice versa.

Figure 7.1: A 401 X 401 Digital Elevation Model (ST08).

In the search for correlated data three type of data are considered: terrain data (Tables 7.1 and 7.2); 

random data, taken from the Ada '95 random number generator (Table 7.3); and split data, which is 

terrain data with some of the rows replaced by random data (Table 7.4).

The test data have been chosen in such a way that a variety of types are encountered. The terrain 

data contains a mixture of differing horizontal resolutions, ranging from 30m to 3 arc-second data. 

The random data has been chosen to ensure data of different ranges are used. Similarly, the split data 

is chosen to exemplify the effects when erroneous data exists in a varying number of rows.

7.2 Detecting Globally Correlated Data 

7.2.1 Introduction

Large sections of uncorrelated data may go undetected in a large dataset if the statistics determining 

correlation are taken over the entire dataset, i.e. any anomalies in the data may be averaged out. To 

reduce this averaging effect, statistics and information may be gathered over smaller subsets of the
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Figure 7.2: A 401 X 401 set of Random Data (Data Ranging from 0..500).

Data
Anchor
ST06
ST08

SWales
Belle

Crater
Eloise
Fairfax
Hogans 

Phantom
Tiefort

Elevations Range
8S6..7467

0..135
19.. 470
0..568

3359..4144
4992. .8151

96. .184
57..163
48. .99 

726.. 2270
1518..4995

Horizontal Resolution
60
50
50
50
30
30
30
30
30 
30
30

(m)

Table 7.1: Digital Elevation Models, along with the Range of the Elevations and the Horizontal 
Resolutions.

data. The problem is not completely alleviated by reducing the block size, but the size of the sections 

of undetected uncorrelated data is reduced. The choice of block size should be made so that the block 

of data is large enough to exhibit significant correlation should it exist. In this work blocks of 32 X 32 

are used (simply for convenience when using the DOT). 

In this section two data compression techniques discussed earlier, namely prediction and transform
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Figure 7.3: An Example of a DEM Containing a Random Error.

Data
Aberdeen

Baker
Caliente
Dalhart

Eagle Pass
Fairmont
Gadsden
Yakima

Elevations Range
379. .683

546. .2521
678..2S65
1054.. 1524
155. .720
286-472
118..549

157.. 1888

Table 7.2: 3 Arc-Second Digital Elevation Models.

coding, are used to detect spatial correlation. Some statistical methods for determining correlation 

are also described.
For each test described the results produced are individual values for each block. The blocks are not 

considered to be a sample.
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Data

Rani
Ran2
Ran3
Ran4
Ran5
Ran6
Ran7
Rang
Ran9
Ran 10
Ran 11
Ran 12
RanlS
Ran 14
Ran 15

Elevations 
Range

300. .400
100. .400
0..500

3300. .4200
96. .184

1500. .5000
720. .1500
1000. .1600

100. .160
250..600

7000. .9800
3500. .4200
2100..2400
900.. 1150
390. .470

Table 7.3: Random Data, along with the Range of Elevations Included.

Data

Split 1 (ST08) 
Split2 (ST08) 
Splits (ST08) 
Split4 (ST06) 

Splits (Fairfax) 
Split6 (ST08) 
Split? (ST08)

Random Data 
Range

100..300 
200..300 
200. .300 
0..100 

100.. 150 
250..300 
50..150

Number of 
Rows Changed

50 
20 
10 
9 

30 
7 
4

Table 7.4: Split Data, along with the DEM that has been Modified, the Range of the Random Data, 
and the Number of the Rows of the DEM that have been Changed.

7.2.2 Bilinear Polynomial Corrections

Recall the bilinear polynomial introduced in Section 5.5.2. For correlated data, in particular terrain 

data, this prediction method is expected to yield a Laplacian distribution (a doubly decaying expo 

nential, 2ie~m l x l) of corrections, for example the distribution shown in Figure 7.4. If the distribution 

of corrections shows a more uniform distribution then it is more likely to be uncorrelated data. 

With such a distribution the majority of the data is expected to be clustered around the mean value, 

i.e. close to 0. Hence, the standard deviation of the data should be relatively small. 

Here the bilinear polynomial is applied to the data and the standard deviations (<r) of all the correc 

tions are found, the lowest and highest standard deviations for the 32 x 32 blocks are also found.
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Figure 7.4: Frequency Distribution of Grid Interpolation Corrections for ST08.

The results are presented in Tables 7.5, 7.6 and 7.7.

In most cases, there is obviously a clear difference between the standard deviations for the terrain data

and for the random data. Inspection of the results indicates that for terrain data the majority of the

standard deviations fall below 20, while the opposite is true of random data. As one might expect the

results for the split data are less clearly denned, with most cases having standard deviations above and

below the threshold of 20. A test based on the standard deviations for bilinear polynomial corrections

will be used in Section 7.2.5.
Clearly the range and standard deviations for Anchor (Table 7.5) are far higher than the same data

for the other DEMs. This may be explained by the unpredictable nature of Anchor, which was also

encountered during the robust compression (Section 6.9).

It should be noted that the standard deviation of corrections for the random data is dependent upon

the range of the random data.

7.2.3 DCT Coefficients

The use of the DCT for compressing terrain data was described in detail in Section 2.7. Such transform 

coding techniques seek to decorrelate the data within a block. In doing this the majority of information 

is packed into a small number of coefficients, if the original data is correlated. Conversely if the original
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Data
Anchor
ST06
ST08
SWales
Belle
Crater
Eloise
Fairfax
Hogans
Phantom
Tiefort
Aberdeen
Baker
Caliente
Dalhart
Eagle Pass
Fairmont
Gadsden
Yakima

Overall 
Range
-551. .543
-2T..32
-30..21
-3S..34
-5S..83
-161. .201
-11. .16
-18. .28
-6. .10
-173..201
-51. .42
-12. .12
-88. .226
-152. .164
-28..31
-22. .33
-13. .16
-35.. 41
-81. .74

Overall 
a
27.74096
1.16707
2.12277
1.69624
5.35247
7.43891
0.74011
1.33454
0.62078
10.42923
3.92042
0.36947
4.53203
3.72288
0.86956
0.60984
0.50624
2.19424
3.12841

32 X 32 Blocks 
SD: Low.. High
13.46985.. 42.24250
0.00000. .3.21151
0.46752. .4.02381
0.00000. .0.829677
0.98441.. 12.56266
0.00000..37.91695
0.00000..2. 17103
1.00560. .2.87330
0.35585. .1.40065
0.61475. .42.58456
0.40875. .11.30992
0.00000. .2.04694
0.00000. .12.33837
0.00000. .16.63849
0.03606..4.95628
0.20856. .3. 19310
0.03606. .2.01121
0.00000..5.62768
0.00000..9.45565

Table 7.5: The Range and Standard Deviation of the Grid Interpolation Corrections for Terrain Data.

Data
Rani
Ran2
Ran3
Ran4
Ran5
Ran6
Ran7
Ran8
Ran9
Ran 10
Ran 11
Ran 12
Ranl3
Ran 14
RanlS

Overall 
Range
-99..9S
-292..291
-496.. 494
-892. .881
-87..S6
-3403. .3483
-769. .766
-586..S85
-60. .59
-346. .344
-2740. .2703
-694. .689
-29Q..293
-247. .245
-80. .79

Overall 
a
34.64828
103.26817
171.97328
309.45538
30.56505
1201.61304
267.99643
205.66113
20.90717
120.82195
965.30096
241.66560
103.37411
86.24484
27.79945

32 X 32 Blocks 
SD: Low.. High
31.68445..36.13393
95.75742..108.37765
159.87503. .177.26817
286.87112. .320.43890
28.20826. .31. 89226
1114. 08618. .1272. 90625
248.82367. .283.65878
190.68350..213.81091
19.61832. .21.83973
112.79261. .125.75591
892.70587. .1002.27344
223.97983. .254. 10526
95.81865. .106.98423
79.58185. .91. 21880
25.40734. .29. 18732

Table 7.6: The Range and Standard Deviation of the Grid Interpolation Corrections for Random 
Data.

data shows little sign of correlation then most coefficients are non-zero.

Figure 7.5 shows a block of DCT coefficients. A represents the entire block excluding the DC coefficient
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Data
Split 1
Split2
Splits
Split4
Splits
Split6
Split?

Overall 
Range
-189. .215
-143. .128
-133. .169
-Q4..92
-49-48
-118.. 123
-91. .96

Overall 
a
24.53642
8.70602
8.63663
5.16807
4.59632
5.04279
4.45271

32 X 32 Blocks 
SD: Low.. High
0.46752. .69.02700
0.46752..29.79938
0.46752. .32.89407
0.00000. .18.76171
1.02995. .17. 17776
0.46752.. 16.57445
0.85385. .14.91542

Table 7.7: The Range and Standard Deviations of the Grid Interpolation Corrections for Split Data.

(i.e. the upper left coefficient). B represents the block excluding the 15 X 15 high coefficients. In 

correlated data the coefficients in B are expected to be small. Once again the standard deviation is 

used as a measure of the variation in data in each section. Hence, it is expected that the standard 

deviation for the coefficients in A (a-A ) is larger than the standard deviation for the coefficients in B 

(<TB). As a measure of the difference between the two standard deviations, the calculation <TA/&B 

may be observed.

0 15 32

15

B

32

Figure 7.5: Sections A and B of the DCT Coefficients (Note that Section B is a part of Section A).

Here the DCT is applied to the data in 32 X 32 blocks, and the standard deviations of the coefficients 

in all the sections of A and B are found, the overall results for (TA /trB are calculated. The lowest 

and highest value of a-A /aB for every 32 X 32 blocks are also found. The results are presented in 

Tables 7.8, 7.9 and 7.10.
Once again the random data can be identified simply from the overall statistics. Inspection of the 

results for the terrain data indicates that the smallest value of <TA /<TB over all the different terrain 

data is 1.57239. Similarly the largest value over all the random data is 1.04491. Clearly there is no 

overlap in results for terrain and random data, thus making the choice of a threshold value simple.
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Data
Anchor
ST06
ST08

SWales
Belle

Crater
Eloise
Fairfax
Hogans

Phantom
Tiefort

Aberdeen
Baker

Caliente
Dalhart

Eagle Pass
Fairmont
Gadsden
Yakima

Overall Overall 
A Range a^

-1587.. 2929 37.58709
-42..6S 0.85862

-170..156 2.81352
-174.. 182 1.96082
-92.. 1122 2.47403
-527.. 1244 9.49676

-22. .19 0.35132
-17.. 18 0.45130
-13..9 0.19492

-459..444 7.38222
-498..S29 8.98964
-16-53 0.21090

-422-521 4.99842
-287-331 3.61136
-70-72 0.47820
-61-54 0.45439
-26-35 0.27799

-203-193 2.16958
-411. .327 3.85086

Overall Overall 
B Range <rg
-51. .49 1.51822

-1..1 0.02570
-1..1 0.05694
-2..2 0.05096
-3..4 0.26482
-8..11 0.34825
-1..1 0.00772
-1..1 0.01825
0..0 0.00000

-8..19 0.55236
-3-4 0.12790
-1..1 0.00253
-5..5 0.20667
-4..5 0.15846
-3..2 0.02482
-1..1 0.00759
-1..1 0.00214
-2..3 0.06563
-4..3 0.13127

Overall 
<TA/<TB
24.75734
33.40934
49.41201
38.47763
9.34231

27.26995
45.50777
24.72877

-
13.36487
70.28647
83.35968
24.18551
22.79036
19.26672
59.86693
129.90187
33.05775
29.33542

Low. .High (TA/<TB over 
all 32 X 32 Blocks
9.15855. .57.47549
3.46829..40.67930

12.08747..171.94881
3.86517..171.94881
4.25988..71.20532

6.45803. .148.94514
1.57239..5.11213

4.84182..15.46606
-

4.44020..22.38923
24.29351..146.60831
12.33740..50.57523

1.642291..141.11730
5.520405..125.55150

4. 10525. .44.81569
8.164871..78.18722
8.520688..26.37443
5.21808..159.65240
2.75248..129.99630

Table 7.8: The Standard Deviations for the 32 X 32 DCT Coefficients for Terrain Data.

Data
Rani
Ran2
Ran3
Ran4
Ran5
Ran6
Ran7
Ran8
Ran9

Ran 10
Ran 11
Ran 12
Ran 13
Ran 14
RanlS

Overall Overall 
A Range a A

-8-8 1.84045
-25-24 5.43623
-41..36 9.04097
-70..78 16.28682
-6-7 1.63164

-256-273 63.18502
-60..63 14.06228
-44-45 10.82202
-5-5 1.13716

-30-27 6.35005
-232..218 50.59305

-53-57 12.68661
-22-24 5.43701
-19-20 4.52668
-6..7 1.48923

Overall Overall 
B Range <TB

-8-8 1.84179
-25-24 5.43291
-39-34 9.02986
-70..78 16.27782
-6..7 1.63081

-256-273 63.14484
-58-63 14.06353
-44-45 10.80513

-5..5 1.13625
-30..27 6.35569

-223..218 50.61932
-53-57 12.69401
-22..23 5.43985
-19..20 4.52989

-6..7 1.49029

Overall 
VA/VB
0.99927
1.00061
1.00123
1.00055
1.00051
1.00064
0.99991
1.00156
1.00080
0.99911
0.99948
0.99942
0.99964
0.99929
0.99929

Low.. High <r-L/(T2 
V32 X 32 Blocks
0.97313..1.02468
0.97732..1.03698
0.97260. .1.04090
0.97814..1.01292
0.97379. .1.04491
0.97114..1.03342
0.96904. .1.03212
0.97639. .1.03802
0.97605..1.03553
0.96856..1.03187
0.97002..1.03972
0.97387. .1.02864
0.96986. .1.03790
0.97059..1.03211
0.97585. .1.04130

Table 7.9: The Standard Deviations for the 32 X 32 DCT Coefficients for Random Data.

Here the threshold value is taken to be 1.5.

It can be noted that in the case of Hogans, the data is sufficiently uniform to make all the coefficients
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Data
Split 1 
Split2 
Splits 
Split4 
Split5 
Split6 
Split?

Overall Overall 
A Range a A
-170. .129 2.95725 
-170.. 156 2.86630 
-170.. 156 3.03413 

-39. .65 0.92847 
-17. .18 0.50484 

-170. .156 2.85661 
-170.. 156 2.82719

Overall Overall 
B Range <TB
-14. .14 1.32241 
-11. .11 0.47204 
-20. .19 0.46867 

-4..4 0.28352 
-4. .3 0.25184 
-7..7 0.25386 
-5. .5 0.22851

Overall

2.23629 
6.07215 
6.47392 
3.27480 
2.00461 
11.25270 
12.37228

Low.. High (TI/CTZ 
V32 X 32 Blocks

0.98564.. 171.94881 
1.18712. .171.94881 
2.56332. .171. 94881 
1.02539. .40.67930 
0.99000. .15.46606 
2.74177. .171.94881 
1.43029. .171. 94881

Table 7.10: The Standard Deviations for the 32 X 32 DCT Coefficients for Split Data.

in B zero, indicating the data is likely to be terrain.

Using this threshold value the results for split data are less conclusive, with five out of the seven

datasets being deemed questionable while the remaining two are accepted as terrain.

7.2.4 Measures of Spatial Autocorrelation

Spatial autocorrelation determines if an observed value is dependent on the values at neighbouring 

localities. If such a relationship exists the data exhibits spatial autocorrelation. 

There may be some slight ambiguity in two-dimensional data as to the term neighbour. For example 

Figure 7.6 shows two different types of neighbourhoods.

Rook King

Figure 7.6: Rook and King Neighbourhood Definitions.

Coefficient of Correlation

A common approach to measuring the correlation between two data sets is to calculate the coefficient 

of correlation, also known as Pearson's correlation coefficient. Consider the data sets, X = xi..xn 

and Y = y\..yn , define ax and cry as the standard deviations of X and Y, also, nx and f.tY are 

defined to be the means of X and Y. The coefficient of correlation is calculated by Equation 7.1.

r =
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The resulting value of r will be between -1 and 1, where no correlation is indicated by values close to 

zero, conversely high correlation will result in values close to -1 or 1.

(Many statistical packages have a function for calculating the coefficient of correlation, for example 

the correl function in Microsoft Excel.)

The correlation coefficient may be used as a measure of autocorrelation for one data set X, by defining 

Y to be a shift of that data. For example, X = xi..xn-i and Y = x2 ..xn .

In terms of spatial data a simple measure of autocorrelation may be calculated by determining the 

correlation coefficient of each row of the data and then each column (as described above), and making 

a judgement on the correlation of the data by considering the distribution of coefficients. 

Many papers in the statistical literature present tables illustrating the values of the correlation coef 

ficients for different levels of significance (e.g. [66]). These tables plot a value v = n — 2, where n 

is the number of pairs in the sample, against the desired significance level. Thus, if the correlation 

coefficient is greater than the tabulated value then the data is correlated at that significance level, 

otherwise it is not.

In a 32 X 32 block, the value of v will be (32 — 1) — 2 = 29, in this example v is approximated 

to the nearest value found in the tables, in this case v = 30, and the significance level is chosen to 

be 5%. Therefore the observed correlation coefficient must exceed the value 0.3494 to be significant 

at the 5% level. For example a 32 X 32 section of ST08 results in a minimum coefficient of 0.96370 

(3> 0.3494), which suggests the data is highly correlated. Similarly a random set of data (32 X 32) 

results in correlation coefficients ranging between 0.00004..0.44517 with only five correlation coeffi 

cients exceeding 0.3494. In conclusion, there is significant evidence at the 5% level that the data from 

ST08 is correlated while the random data is uncorrelated as expected.

Using this method to detect spatial autocorrelation is time consuming for large data sets. Formulae, 

such as Moran's Index and Geary's Coefficient, exist specifically for this purpose.

Moran's Index and Geary's Coefficient

The two most commonly used indices of spatial autocorrelation are Geary's coefficient (Equation 7.2) 

and Moran's Index (Equation 7.3) [67, 68]. Both measures are ratios between the overall variance 

of the data and the average dissimilarity between points at a specified distance. These equations are 

applied to a 2-dimensional array of elevations, where Zi is the elevation at point i.



CHAPTER?. IDENTIFYING TERRAIN DATA 136

i = n J * «Vrf(** - *)(** - *}wY,i(*i-*y ( '
In these equations, tu^-is the weight between points (king definition of neighbours),

1 if point j is a vertical or horizontal neighbour of point i

0.70711(= l/\/2) if point j is a diagonal neighbour of point i

0 otherwise

and W is the sum of all weights where i jt j.

In this work, Moran's Index is considered, using the king definition of neighbours. Typically, Moran's

Index lies within the range -1..1, but is not constrained to be, as with the correlation coefficient (the

range -1..1 can be forced if required [67]). As with the correlation coefficient positive correlation is

shown by a value close to 1.

Equations are known for the expected value and the variance of I [68]. A standardized statistic can

then be calculated and used in conjunction with normal probability tables to determine if the data is

likely to be correlated. In this work a threshold value of I will be determined through inspection of

results.

The overall Index is found for the entire data set, and also the smallest and highest Index over all

32 X 32 are found. The results are presented in Table 7.11, 7.12 and 7.13.

As in both previous tests the random data may be identified from the overall statistic. The block

results do not give a clear cut boundary between random and terrain data as seen in the previous

tests. However, it is clear that the results for random data are very close to 0, while in some cases

terrain data also has a value of / close to 0. Here a threshold value of 0.1 is chosen.

In some cases it is noticeable that terrain data gives a low Moran Index, for example, sections of S Wales,

Crater and Dalhart. This is explained by the existence of large planes of flat terrain interrupted by

a small number of elevations of differing heights. Consider a 15 X 15 section of terrain, with one

elevation at 221m and all the rest at 222m. The Moran Index in this case is 0.00056, which clearly

suggests the data is uncorrelated. The reason for such a small Index is attributed to the fact that the

mean value of such a data set ensures that the numerator is small which results in a small Index.

Variograms

The previous measure of spatial autocorrelation, as described, examines the correlation between two 

neighbouring values. The correlation may also be measured for any two points separated by a specified 

distance called the lag (h).
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Data

Anchor
ST06
ST08

SWales
Belle

Crater
Eloise
Fairfax
Hogans

Phantom
Tiefort

Aberdeen
Baker

Caliente
Dalhart

Eagle Pass
Fairmont
Gadsden
Yakima

Index for Entire 
Dataset
0.99138
0.99593
0.96024
0.96458
0.98701
0.99254
0.99509
0.98786
0.98585
0.99786
0.99830
1.03471
1.03300
1.02701
1.02240
1.02678
1.02284
1.03198
1.02577

Lowest & Highest Index 
for 32 X 32 Blocks

0.91358..0.99075
0.69916..0.98832
0.88788. .0.99563
0.08918. .0.99868
0.80299. .0.97822
0.00017..0.99438
0.50053. .0.99050
0.83011. .0.97771
0.67882. .0.98970
0.67194..0.98691
0.84540. .0.99162
0.20378. .0.99240
0.18125. .1.00117
0.41864. .0.99916
0.00017..0.99512
0.86250..0.99278
0.15328..0.99617
0.26738.. 1.00309
0.48681. .0.99855

Table 7.11: Moran's Index for the DEMs

Data

Rani
Ran2
Ran3
Ran4
Ran5
Ran6
Ran7
Ran8
Ran9
RanlO
Ran 11
Ranl2
RanlS
Ran 14
Ran 15

Index for Entire 
Dataset
-0.00127
0.00150
0.00065
0.00087
0.00134
0.00160
-0.00046
0.00180
0.00127
-0.00017
-0.00001
-0.00078
-0.00130
-0.00064
0.00043

Lowest & Highest Index 
for 32 X 32 Blocks

-0.04659. .0.03180
-0.02776..0.04545
-0.03869. .0.05062
-0.03332..0.05002
-0.03627..0.04078
-0.04727. .0.03538
-0.03627. .0.04173
-0.04540..0.05006
-0.05191. .0.04207
-0.05022. .0.04796
-0.03545. .0.04029
-0.03539. .0.03601
-0.04735. .0.04076
-0.04833. .0.05586
-0.04047..0.04958

Table 7.12: Moran's Index for the Random Data

The variogram is the plot of a function (e.g. j(h)) against the lag, h.

2n
(7.4)
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Data

Split 1
Split2
Split3
Split4
Splits
Split6
Split?

Index for Entire 
Dataset
0.93284
0.98323
0.98243
0.97740
0.94429
0.98767
0.98864

Lowest & Highest Index 
for 32 X 32 Blocks

-0.02510..0.99563
0.31439..0.99563
0.83010..0.98872
0.05530..0.98832
-0.00979. .0.97771
0.80866..0.99563
0.50748. .0.99563

Table 7.13: Moran's Index for the Split Data

In this equation z+ and Zj are elevations separated by distance h. For example, in Figure 7.7, using 

the rook definition of neighbourhood, 213 is separated by distance one from zi2, z& and Zi4. Similarly 

is separated by distance two from Zn, za and 215.

z^

Z3

214

Figure 7.7: An Example of Values given in Raster Scan Order.

In general at smaller lag distances the value of the variogram is small, and as the points compared

become further apart the variogram grows larger. Hence with correlated data it is expected that

7(/i) < ~i(h + 1) < T(/I + 2).... until some value is reached where the variogram remains almost

stationary.

For example, in terrain data, the Moran Index taken at lag 1 is expected to be smaller than the Moran

Index calculated for lag 2, since points further apart exhibit less interdependence. Hence, in spatially

autocorrelated data, as the lag increases the Moran Index decreases. In uncorrelated data the Moran

Index is expected to remain much less variable than for correlated data.

This method could be used as a further method of determining if data is spatially correlated, but

would only be beneficial if the Moran Index were not conclusive.

7.2.5 Summary of Tests and Results for Globally Correlated Data

Several tests for correlation have been discussed. Here a series of tests are presented to determine

whether the data is correlated.
The symbols 'X' and '^/' represent uncorrelated and correlated data respectively. The '?' symbol
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is used to represent data that contain some blocks that appear to be correlated and others that do not.

1. Test 1: Bilinear Polynomial Corrections

Let <JL = min(o-) and OH = max(<r) over all 32 X 32 blocks, then

Result =
X if <TL > 20,

? \taH >20>

\/ otherwise.

2. Test 2: DCT Coefficients

Define S to be <TA/<TB- Let SL = min(S) and SH = max(S') over all 32 X 32 blocks, then

Result = <
X if SH < 1.5,

? if SL < 1.5 < SH ,

"V/ otherwise.

3. Test 3: Moron's Index

Let IL = min(/) and IH = max(7) over all 32 X 32 blocks, then

Result = <
x if IH < 0.1,

otherwise.

The final result of the three tests is defined to be the lowest value of all the tests, where x <? < ^/. 

The three tests described above are applied to three types of data: terrain data, image data and 

mathematical surface data.

Confidence Levels

When examining the results of any test it is useful to have an indication of how reliable the test results 

are. Here a Bayesian [69] approach is used to calculate the probability that a test result is correct. 

Bayesian statistics have an advantage over conventional statistical methods since prior knowledge may 

be used alongside experimental data.

In this case a uniform prior distribution is used, where an equal chance of success or failure is initially 

assumed. Given r successes in n trials the probability that the next result will be a success is given

by
r + 1
n + 2'
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a proof of this equation may be found in [70]. For this work a success is deemed to occur when a test 

correctly identifies data as terrain or not terrain. In this research many results have been calculated 

for Tests I, 2 and 3.

Table 7.14 illustrates the observed results for Test 1 for terrain and random data, along with the 

probability that the next result is a correct result (the horizontal line in the table indicates where the 

threshold lies). For example, 50 terrain results and 341 random results lie within the range 20 - 30; if 

the next result lies in this range, the probability that it is a correct result is 0.87023. It is noticeable 

that the range 40 - 55 gives a low probability for the next result being correct, because no successes 

have been observed in this range. This is largely due to the nature of the test itself. It was mentioned 

previously that test results for random data were dependent on the range of the random data used, in 

this case the data chosen did not produce any results between 40-70. However the probabilities for 

the extreme values both lie above 0.999, illustrating that the test is most successful when the results 

lie between 0 and 10, or are above 100.

Gla

100 + 
85 - 100 
70-85 
55-70 
40-55 
30-40 
20-30
15-20 
10- 15 
5-10 
0-5

Terrain Random 
Results Results

0 1376 
0 132 
0 76 
0 0 
7 0 
58 217 
50 341
29 18 
90 0 

1145 0 
11938 0

Total Total 
Results (n) Successes (r)

1376 1376 
132 132 
76 76 
0 0 
7 0 

275 217 
391 341
47 29 
90 90 

1145 1145 
11938 11938

P rob. Next Result 
is Correct (%g)

0.99927 
0.99254 
0.98718 
0.50000 
0.11111 
0.78700 
0.87023
0.61224 
0.98913 
0.99913 
0.99916

Table 7.14: Confidence Levels for the Results of Test 1.

Results are also presented for Test 2 (Table 7.15) and Test 3 (Table 7.16).

The results for Test 2 indicate that once again the results are most successful for extreme values, and

as expected the test is least successful for the data near the threshold value (i.e. 1.5). However the

observed results suggest that the probability of the result being correct is at worst 0.75000.

The results produced by Test 3, indicate that this is the most successful test, and in the worst case,

the probability of success is 0.85714, which once again lies next to the threshold value.

Recall that the data is classified as terrain if all tests are passed for all blocks. If the tests are

independent, then the confidence level for the data being classified correctly as terrain could be
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DCTZ*

30 +
20-30
15-20
10- 15
8-10
6-8
4-6
2-4

1.5-2
1 - 1.5
0.5-1

Terrain Random
Results Results

1848 0
1230 0
700 0
468 0
94 0
59 0
30 0
4 0
2 0
0 1089
0 1071

Total Total
Results (n) Successes (r)

1848 1848
1230 1230
700 700
468 468
94 94
59 59
30 30
4 4
2 2

1089 1089
1071 1071

Prob. Next Result
is Correct (~j^)

0.99946
0.99919
0.99857
0.99787
0.98958
0.98361
0.96875
0.83333
0.75000
0.99908
0.99907

Table 7.15: Confidence Levels for the Results of Test 2.

MI

0.9+
0.8 - 0.9
0.7-0.8
0.6-0.7
0.5-0.6
0.4-0.5
0.3 - 0.4
0.2-0.3
0.1 - 0.2
0.0-0.1
-0.1 - 0.0

Terrain Random
Results Results
11616 0
976 0
154 0
52 0
36 0
13 0
8 0
10 0
5 0
3 1021
0 1139

Total Total
Results (n) Successes (r)

11616 11616
976 976
154 154
52 52
36 36
13 13
8 8
10 10
5 5

1024 1021
1139 1139

Prob. Next Result
ts Correct (£g)

0.99991
0.99898
0.99359
0.98148
0.97368
0.93333
0.90000
0.91667
0.85714
0.99610
0.99912

Table 7.16: Confidence Levels for the Results of Test 3.

calculated as the product of the probabilities that each individual block is correctly classified as 

terrain. However there is no knowledge of the dependence or independence of the tests. Similarly if 

the blocks were known to be independent then a probability that the correct result is obtained for 

the whole dataset may be calculated. However once again there is no knowledge of the independence 

of the data, in fact with regard to terrain data it is likely that the results for each block are not 

independent. Hence, these tables may only be used to ascertain the probability that any future result, 

for an individual test, for an individual block, is correct.
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Terrain Data

The tests are applied to two types of DEMs, namely, 10m and 30m resolution data. The data sets 

have been chosen to cover a range of geographical features, including mountains, creeks and islands. 

All data sets are taken from Washington and Oregon States. 

The test statistics and results are presented in Tables 7.19, 7.20, 7.17 and 7.18.

Data
Anderson 
Appleton 
Badger 
Biggs 
Blue 

Boylston 
Queets 
Tunnel

Test 1
V 
V 
V 
V 
V 
V 
V 
V

TestS
V 
V 
V 
V 
V 
V 
V 
V

Test 3
V 
V 
V 
V 
V 
V 
V

Result
V 
V 
V 
V 
V 
V
V

Table 7.17: The Three Test Results for 10m Resolution DEMs.

Data
Copper 
Cypress 
Elbow 
Grove 
Lakes 

Larrabee 
Sefrit 

Taneum

Test 1
V 
V 
V 
V 
V 
V 
V
V

Test 2
V 
V 
V 
V 
V 
V 
V 
V

Test 3
V 
V 
V 
V 
V 
V 
V 
V

Result
V 
V 
V 
V 
V 
V 
V 
V

Table 7.18: The Three Test Results for 30m Resolution DEMs.

Note that the missing data in the columns labelled ' Overall DOT O-A /O-B ' and '32 X 32 DOT (TA /aB 

Range' in Table 7.19 are a result of all the DCT coefficients in section B being 0, which implies the 

data is correlated.
Clearly all three tests indicate that both the 10m and 30m terrain data are highly correlated. As 

expected, in most cases, the 10m resolution data shows a higher level of correlation than the 30m 

resolution data. In particular it is noticeable that the overall standard deviation of the Gl corrections 

is lower for the 10m data than the 30m data.
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While the OEMs in Tables 7.17 and 7.18 are all classified as correlated, it is noticeable that several of 

the OEMs used to construct these tests, i.e, Anchor, ST06, ST08..., would be classified as questionable. 

The questionable data requires examination on a local level to determine if some terrain characteristics 

can account for the anomalies in the terrain data. This is discussed further in the Section 7.3.

Split Terrain Data and Random Data

Table 7.21 summarises the test results for the split terrain data, as described in Table 7.7.

Data
Splitl
Split2
Split3
Split4
Splits
Split6
Split7

Test 1
7
7
7
V
V
V
V

Test 2
7
7

V
7
7

V
7

Test 3
7

V
V
7
7

V
V

Result
7

7
?
7
?
V7

Table 7.21: The Three Test Results for the Split Data described in Table 7.7.

As expected, since large portions of the data are elevations, none of the results indicate that the data 

is not terrain. In the cases when 50 rows of the DEM are replaced by random data as in Split 1 all tests 

indicate that there are areas of the data that are questionable. However, when the number of rows 

becomes smaller or the erroneous data is split among blocks, the tests have less chance of detecting 

false data.

Table 7.22 illustrates results for some randomly generated data. Once again the data is generated 

using the Ada'95 random number generator.

Data

RanA
RanB
RanC
RanD
RanE
RanF
RanG

Random Data 
Range

1000. .1500
1750. .1800
550. .575
230. .520

0..90
900. .1020
701. .705

Test I Test 2 Test 3

XXX
XXX
V x x
XXX
XXX
XXX

V V x

Result

X
X
X
X
X
X
X

Table 7.22: The Three Test Results for Random Data.
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The bilinear polynomial corrections test results are dependent on the range of the random data. The 

Table shows that when the range of the data is small (e.g. in cases RanC and RanG), Test 1 indicates 

that the data is likely to be correlated. The very small range of RanG also produces problems for the 

DCT based test (Test 2), in this case the small range of data resulted in DCT coefficients of zero, 

which again suggest the data is correlated. However in all cases the Moran Index (Test 3) indicates 

the data is not correlated.

Image Data

The tests are also applied to image data to illustrate how the tests react to correlated data which is

not terrain.

In applying the tests to image data, a series of gray scale images have been translated into pixel values

ranging from 0..255, which are then treated as elevations. The data used includes images showing

both sharp and gradual changes in colour (Figures 7.8 and 7.9).

The test statistics are given in Table 7.26 and the results are summarised in Table 7.23.

Data
Boat
Geo
Lena

Liberty
Moon
Rose
Sky

Trees
Weather

Test 1
?
?
?
9
?
V
V
X
?

Test 2
V
V
V
9
9
V
9
9
9

TestS
V
V
V
V
V
V
V
9

V

Result
9
9
9
9
9
V
9
X
?

Table 7.23: The Three Test Results for Image Data.

Clearly seven out of the nine image data sets are in some ways questionable. The image data for 

'Rose' is classified as correlated , while the image data for 'Trees' is uncorrelated. Examination of 

the images themselves give some indication as to why these results are obtained. Consider the image 

'Rose' (f) in Figure 7.8. Here the data shows a gradual change in colour and no real sharp edges. 

Conversely the image 'Trees' (h) in Figure 7.9 shows that the data is largely contrasting with dark 

and light pixels adjacent.
The differences between terrain data and other correlated data, such as images, is addressed in Sec 

tion 7.4.
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Figure 7.8: Image Test Data; a) Boat, b) Geo, c) Lena, d) Liberty, e) Moon, and f) Rose.
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Figure 7.9: Image Test Data; g) Sky, h) Trees, and i) Weather.

Mathematical Surface Data

The tests have also been applied to some surface data created from mathematical formulae, once 

again to illustrate the results achieved when the data is correlated non-terrain data. Table 7.24 gives 

the equations for the surfaces being examined, Figure 7.10 illustrates these surfaces. The results are 

shown in Tables 7.27 and 7.25.
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Figure 7.10: Surfaces Created using the Mathematical Equations from Table 7.24.
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Surface

A

B

C

D

E 

F

Equation

100 + 100 (|o-e-(^)3 -(&n

50 (1.3ft sin (£))

100 + 100 (sin (£) sin (|j))

200 +(£)3 +(£)3 - 3 (£)(£)

(x3 +2y2 -x3 ) sin(xy) 
100 1 ^ '
iUU 1 300

I x2 +2r/2 — x3 1 sin(x) cos(x) 
100 1 ^ '
1UU 1 300

Table 7.24: Equations used to Create the Surfaces shown in Figure 7.10.

Data
Surfacel 
Surface2 
Surfaces 
Surface4 
Surfaces 
SurfaceG

Test I
V 
V 
V 
V
9
9

Test 2
V 
V 
V 
V
X 
X

Test3
V
V 
V 
V
X 
X

Result
V 
V 
V 
V
X 
X

Table 7.25: The Three Test Results for Mathematical Surface Data.

As expected the results indicate that the smooth surfaces (a - d in Figure 7.1) can be classified as 

correlated while the more irregular surfaces (e - f in Figure 7.1) are uncorrelated.

7.3 Locally Uncorrelated Data 

7.3.1 Introduction

In Section 7.2, some DEMs were seen to contain small blocks of data (32 X 32 blocks) which produced 

test results which suggested they were not terrain. For example Moran's Index (Table 7.11) indicates 

that sections of SWales, Crater, Baker, Dalhart and Fairmont are not terrain. Examination of the data 

in question reveals that in most instances the small Index is a result of a largely even surface interrupted 

by some changes in elevation. In particular with regard to the SWales, the data incorporates a piece 

of the South Wales coastline, and in some cases the 32 X 32 blocks consist of mostly O's with some
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infrequent other elevations. Other features in terrain which may result in low correlation would include

cliffs.

Any method devised for the task of differentiating terrain from non-terrain is unlikely to yield a

definitive line between the two types of data. For example, in the earth's surface there exist several

non typical terrain features e.g. isolated rock features. Ideally care should be taken to ensure that

in the vast majority of cases terrain data should not be excluded as non-terrain data, while it is less

important that non-terrain data is included as terrain data.

In this section a method of detecting cliffs in blocks of data is described. A simple method for detecting

large spikes in the terrain data is also described and implemented.
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7.3.2 Locating Spurious Data

Isolated points in OEMs may be detected using an image processing approach. The detection of 

isolated points in an image is a relatively easy task. Typically image processing methods use 'masks' 

to detect discontinuities. An example of a point detection mask is given in Figure 7.11.

Figure 7.11: A Mask used for Detecting Isolated Points in an Image.

Isolated points are found by moving the appropriate mask over the entire data set, in such a way that 

each 3x3 section of data is covered in turn. The result will be the new value of the central pixel and 

is a combination of the neighbouring pixels. Mathematically this is expressed as:

(7.5)-fi+1,3 ~ fi+1,3 + 1-

A point may be considered isolated if

>

where T is some threshold value.

With regard to terrain data the choice of an appropriate value of T may be largely dependent on

the horizontal resolution of the data. The grid interpolation results presented in Table 7.5 indicate

that the higher horizontal resolution data (Anchor) resulted in higher grid interpolation corrections.

Thus, it is expected that a higher threshold value would be employed for this data to ensure only the

isolated points are detected.

Table 7.28 illustrates the number of isolated points in the terrain data above a certain threshold value.

Clearly in most cases there are few elevations classified as isolated points above the threshold value

550. In flat terrain this threshold value would be equal to a 69m spike. As expected Anchor requires

a larger threshold value to ensure that elevations are not classified as isolated points.

In some OEMs, such as Anchor, there are many elevations that could be classified as isolated points.

In such a case when there are many isolated points in a block of data, either this a feature of the data,

or the data has a lot of errors. In the case of there being a lot of errors in the data, it is expected that,

the correlation tests described previously would have already detected this. A further test may be
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Data
Anchor
ST06
ST08
Belle

Crater
Eloise
Fairfax
Hogans

Phantom
Tiefort

200
0.64
0.00
0.00
0.04
0.10
0.00
0.00
0.00
0.31
0.00

250
0.56
0.00
0.00
0.02
0.08
0.00
0.00
000
0.27
0.00

300
0.50
0.00
0.00
0.00
0.06
0.00
0.00
0.00
0.19
0.00

350
0.38
0.00
0.00
0.00
0.04
0.00
0.00
0.00
0.15
0.00

400
0.35
0.00
0.00
0.00
0.04
0.00
0.00
0.00
0.11
0.00

450
0.33
0.00
0.00
0.00
0.03
0.00
0.00
0.00
0.06
0.00

500
0.33
0.00
0.00
0.00
0.03
0.00
0.00
0.00
0.04
0.00

550
0.33
0.00
0.00
0.00
0.02
0.00
0.00
0.00
0.02
0.00

1000
0.18
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

1500
0.04
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

2000
0.01
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

2500
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Table 7.28: The Percentage of Elevations which are Considered to be Isolated Points above a Threshold 
Value.

incorporated to ensure that if the number of isolated points within a block exceeds a certain number, 

then these points may be a natural feature of the terrain.
The procedure for detecting isolated points may be applied to any section of data that has passed 
the three tests described in Section 7.2.5. The purpose of this method is to indicate likely erroneous 
elevations. Since the data has passed the tests, the data is sufficiently correlated to suggest it is 
terrain. Hence the method should serve to provide a warning as to the existence of errors and not to 

exclude any data as non-terrain.

7.3.3 Detecting Cliffs and Examining Locally Uncorrelated Data

Cliffs in terrain data can be regarded as edges in image data. The most common method for detecting

edges in images is through the use of the Sobel operators [35].
An edge in an image is represented by an abrupt change in colour. The profile of a horizontal strip

of the image may be examined. An edge (transition from dark to light) in the profile is modelled as

a smooth change in gray levels (Figure 7.12).

The size of the gradient of the line detects the edge. The gradient is given by the following vector.

Gx

Gy

The corresponding magnitude of this vector is

Qx

Common practice is to approximate this magnitude by

\GX \ + \Gy \.
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Dark Light Dark

Figure 7.12: An example of an edge (transition from dark to light) and the corresponding horizontal 
profile.

Numerical approximations of the partial derivatives corresponding to Gz and Gy are given in the 

following equations.

G»(t, j) = (/i+i j-i + 2/ij-i + /j_;i,,--i) - (/i+ij+i + 2/ij-+1 + fi-

The corresponding masks are shown in Figure 7.13.

(7.6)

Figure 7.13: The Sobel Operator Masks.

All edges may then be found by adding the absolute values of the vertical and horizontal results 

together, GJJ = \Gx (i,j)\ + \Gy (i,j)\. A point lies on an edge if the value of GJJ lies above a 

certain threshold value, T. G' is the array which identifies the pixels which lie above and below the 

threshold, in the array G.

G' =
1 if G > T 

-1 if G < -T

0 otherwise.

Terrain data may be treated in the same way, however in the case of terrains edges are regarded as 

cliffs. In the case of cliffs only T and '0' are used, since absolute values of Gx (», j) and Gy (t, j) are
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used.

The sign of an edge determines whether the data goes from light to dark colours or dark to light

colours. For example, if the sign of G'x were positive then this would indicate a change in the

horizontal direction from light to dark colours. Similarly if the sign were negative this would indicate

a change from dark to light colours. In the case of terrain data, a positive edge represents low terrain

going to high terrain, and a negative edge represents high terrain going to low terrain.

These edge detection masks may be used to produce a test for determining the existence of cliffs in

a section of data. The masks (G* and Gy} are applied to the data to form G^, G'^ may then be

calculated. It is reasonable to define a cliff to be a cluster of edge pixels, a single edge pixel is unlikely

to happen in terrain, for this work a cliff is denned to be a cluster of 15 or more edge pixels. A cluster

is defined to be a group of pixels in G'^, with the same value (in this case T) which are neighbours,

according to the kings neighbourhood definition.

Section 7.2.5 described a series of tests used to determine whether small sections of data are correlated

or uncorrelated. In some cases the different tests produced different results for small sections of data.

For example with Anchor, the grid interpolation test indicates that the validity of the majority of the

blocks in the terrain are questionable, whereas the Moran Index suggests the data is correlated.

As mentioned previously a possible reason for a small Moran Index is the occurrence of a small number

of differing elevations within a largely uniform set of data. In this case the standard deviation of the

grid interpolation corrections is still expected to be low.

A section of data that fails the grid interpolation test but passes the Moran Index test may contain

features such as cliffs.

Table 7.29 shows the different types of data which result in a disagreement between Test 1 and Test

3 (the number alongside the name of the DEMs indicates the position of the 32 X 32 block in the

DEM). As mentioned above a cliff is defined to be a cluster of 15 or more edge pixels, a threshold value

of 200 is used here. A section of data containing an isolated point, or isolated points, is defined to be

data containing less than 15 isolated points with a point threshold value of 1. A low point threshold

value can be chosen since uniform data with small changes is sought.

Clearly in the data examined here, different types of data result in the failure of the Moran Index

test and grid interpolation test. It is noticeable that cliffs in the data can result in an unacceptably

high standard deviation for the grid interpolation corrections while isolated points may result in a low

Moran Index.
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Data a of GI Corrections Moron's Index Cliff \ Isolated Points
Anchor(5,l)
Anchor (5,5)
Anchor (12,9)
Baker(37,5)
Crater(5,9)

Dalhart(28,19)
SWales(8,3)

40.09902 (x)
41.23700 (X)
39.72032 (x)
0.13491 (vO
20.20033 (X)
0.05096 (vO
0.64474 (vO

0.95730 (vO
0.94883 (Vl
0.94672 (vO
0.18125 (x)
0.97824 (V)
0.00017 (x)
0.14949 (X)

V
V
V
X

V
X
x

X
X
X

V
X

V
V

Table 7.29: A Comparison of Test 1 Results and Test 3 Results with the Features of the Terrain being 
Examined.

7.3.4 Summary and Results for Locally Uncorrelated Data

To test the point detection masks for terrain random errors are inserted into the data. These errors 

are inserted into the DEMs by considering each elevation and the value of a uniformly distributed 

random number. If the random number falls below 0.001 then a randomly generated number between 

0 and 500 is added to the original terrain.

A threshold value of 1000 has been chosen, which equates to a 125m spike on flat terrain. Therefore, 

using the point detection mask, a point is defined as isolated or erroneous if

1000.

Table 7.30 shows the results achieved.

Data

Copper
Cypress
Elbow
Grove
Lakes

Larrabee
Sefrit

Taneum

No. of Random 
Errors

115
131
114
115
126
120
113
109

No. of Errors 
Detected

92
96
73
85
99
88
76
90

Max. Error 
Not Detected

121
134
117
127
133
485
124
272

Table 7.30: The Results of Applying the Point Detection Mask to 30m Resolution Terrain Data, using 
a Threshold Value of 1000.

In all cases the majority of errors have been detected, since the errors range from 0 to 500, it is not 

expected that all errors should be found since many may occur beneath the threshold. For example, 

in Copper the highest error not detected is 121, which is reasonable since the threshold value is set to
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detect spikes of 125 or higher. Larrabee has a highest undetected error of 485, this is due to the fact 

that two random errors have been placed next to each other, thus they are no longer isolated points. 

While not all errors have been detected, no elevations have been wrongly classified as isolated points, 

as required.

The failure of the test for the Moran Index or the grid interpolation corrections leads to further tests 

to determine if the failure may be accounted for by acceptable terrain features. The following is a 

summary of the tests used to examine locally uncorrelated data. Test A is used on data which passes 

Test 1 and fails Test 3 and aims to detect small isolated points (any high erroneous points would have 

been detected through the previous procedure), Test B is used on data which fails Test 1 and passes 

Test 3, and is used to determine the existence of cliffs.

• Test A: applied if Test 1 is passed and Test 3 is failed, i.e. if cr for GI corrections < 

20 and the Moran Index < 0.1,

>/ if 0 < number of isolated points (point threshold = 1) < 15 
Result = {

? otherwise.

Test B: applied if Test 1 is failed and Test 3 is passed, i.e. if a for GI corrections > 

20 and the Moran Index > 0.1,

if the number of connected edge points (point threshold — 200) > 15 
Result = {

? otherwise.

Once again a 'v/' indicates that the data passes the test for terrain, while a '?' indicates the data 

remains questionable.

The tests are applied to various sections of a DEM of the Grand Canyon and of the data set Cypress. 

The sections of data to be examined are chosen in such a way to ensure that certain aspects of the 

terrain are present within the block, i.e. cliffs and isolated points. This explains why the Moran 

Indices presented here for Cypress are less than the lowest shown in Table 7.18 where the blocks were 

taken in a sequential order with no overlapping of the data. Hence different blocks of data are being 

used here. The sections of data taken from the Grand Canyon are chosen such that the blocks contain 

large areas of cliffs. The sections of Cypress used are taken from the coast where only a very small 

number of elevations other than 0 occur within the block. Table 7.31 illustrates the results. 

Clearly in both cases the tests have successfully identified the areas of data which contain cliffs and 

the areas which contain isolated points. It should also be noted that the data which failed Test 1 but
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Data Test 1 TestS Test A TestS
Grand 1 
Grand2 
GrandS 
Grand4

Cypress 1 
Cypress2 
CypressS 
Cypress4

27.23543 (X) 
21.13427 (X) 
23.46781 (X) 
22.02173 (x)
0.07212 (V) 
0.08042 (vO 
0.05096 (vO 
0.05174 (vO

0.94354 (vO 
0.97291 (vO 
0.96328 (vO 
0.93275 (vO
0.09210 (X) 
0.15332 (X) 
0. 17525 (x) 
0.10782 (x)

-

V 
V 
V 
V

V 
V 
V 
V
-

Table 7.31: Results for Sections of the Grand Canyon and Cypress.

passed Test 3 contained no small isolated points, similarly, the data which passed Test 1 but failed 
Test 3 contained no cliffs.
A similar approach may be used to determine the existence of ridges in the data. A ridge is defined to 
be a point at which two cliffs meet. A ridge may be detected by once again using the edge detection 
masks. In this case Gx is used with a threshold T to form G'^, a vertical ridge is represented by the 
pattern below.

1 1

1 1
1 1

-1 -1 -1

-1 -1 -1
-1 -1 -1

11-1-1 -1

Similarly a horizontal ridge is represented by the following pattern in G'x .

11111
11111

-1 -1 -1 -1 -1

-1 -1 -1 -1 -1

Here we are considering vertical and horizontal ridges, a ridge pixel is defined to be a pixel which has 
a neighbouring value (horizontally or vertically) of the opposite sign in G' 

This is mentioned further in Section 7.4.

7.4 Distinguishing Between Terrain Data and Correlated Data

This Chapter has focused on possible methods for distinguishing between correlated data and random 

or uncorrelated data. The results produced for the methods described in Section 7.2 illustrate a sig 
nificant difference between correlated and uncorrelated data. However the difference between terrain
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data and other types of correlated data is not so noticeable.

Examination of Tables 7.19, 7.20, 7.26 and 7.27, reveals that some slight differences may be observed. 

For example, the overall Moran Index for the terrain data (Tables 7.11, 7.19 and 7.20) consistently 

lies within the region of 0.95 and above; clearly this is not the case with all the correlated data. In 

particular, all of the image data examined here, including Rose, which was classified as terrain by 

the tests, result in an overall Moran Index of less than 0.95. It is also noticeable that the overall 

standard deviation for the grid interpolation corrections is larger for the image data than the terrain 

data. Similarly, the overall O-A /(TB of the DCT coefficients is smaller for the image data. While subtle 

differences do exist in the data investigated here, the differences are not significant enough to be able 

to identify further threshold values which would successfully differentiate between terrain data and 

other correlated data. Hence, further methods of distinguishing between the different types of data 

are required.

Statistical analysis and examination of the digital data has not proven successful. Another possible 

approach is to investigate the actual features and patterns of the data.

In DEMs there are patterns of data which are known to be acceptable features of terrain. For example, 

it is certainly possible to encounter cliffs, ridges, mountain peaks, lakes and hills within a DEM. How 

ever, in most cases, the frequency of such features within a section of terrain data is not expected to 

be great. This suggests another possible test, where the frequency of a feature is obtained, terrain 

data is expected to yield a smaller count than may be produced for other correlated data. 

Table 7.32 illustrates the percentage of values which are classified as being part of an edge, or cliff, 

given the specified threshold value. The results show that there is no significant differences between 

the terrain and the image data. In fact it is noticeable that the Anchor DEM contains by far the 

highest percentage of edge values.

Similarly the number of ridge values in the data may also be counted. Table 7.33 shows the percentage 

of ridge elevations, at specified threshold values, in the image and terrain data. While these results 

show more promise than presented for cliffs i.e. the image data, in general, has a higher percentage 

of ridge values than the terrain data, the differences are not significant enough to provide a test for 

distinguishing between the two types of data.

The idea of analysing data for the frequency of specific terrain features, has not produced any clear 

results in the case of cliffs and ridges. Further tests could be carried out with regard to other terrain 

features, such as lakes or mountain peaks. However as identified when examining cliffs and ridges it 

is always possible that there may exist a section of terrain, in this case Anchor, which exhibits an 

unexpectedly high number of these features.
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Data
Anchor
ST06
ST08
Belle
Crater
Eloise
Fairfax
Hogans
Phantom
Tiefort
Boat
Geo
Lena
Liberty
Moon
Rose
Sky
Weather

150
96.56

0.28
8.44

14.28
34.25

0.01
0.00
0.00

44.00
31.22
23.91
33.12
21.86
12.86
23.18
12.13
22.16

4.19

200
94.82

0.06
3.01
6.12

24.33
0.00
0.00
0.00

31.83
26.21
18.88
28.26
15.65
10.27
14.49
5.93

11.30
2.01

250
95.52

0.02
0.87
2.66

17.91
0.00
0.00
0.00

22.11
22.02
15.92
25.33
11.53
8.33
9.09
2.64
6.02
1.38

300
89.75

0.00
0.18
1.19

13.81
0.00
0.00
0.00

15.92
18.35
13.00
22.86
8.27
6.76
5.63
1.19
3.80
0.42

350
86.58

0.00
0.04
0.54

11.11
0.00
0.00
0.00

11.54
15.07
10.74
20.69

5.93
5.42
3.53
0.46
2.61
0.08

400
83.23

0.00
0.00
0.27
9.24
0.00
0.00
0.00
8.60

12.17
9.34

18.30
4.39
4.45
2.23
0.20
1.89
0.06

450
79.83
0.00
0.00
0.15
7.84
0.00
0.00
0.00
6.59
9.59
8.31

16.05
3.02
3.47
1.37
0.08
1.30
0.06

500
76.24

0.00
0.00
0.08
6.73
0.00
0.00
0.00
5.09
7.30
7.42

13.45
1.93
2.69
0.81
0.00
0.89
0.06

Table 7.32: The Percentage of Elevations/Pixels in the Data considered to be part of an Edge by the 
Sobel Edge Detectors.

Data
Anchor
ST06
ST08
Belle
Crater
Eloise
Fairfax
Hogans
Phantom
Tiefort
Boat
Geo
Lena
Liberty
Moon
Rose
Sky
Weather

25
26.92

0.24
1.10

11.86
4.36
0.01
0.03
0.00
8.68
5.63

31.29
0-00

19.80
25.09
45.02
19.39
51.46
12.86

50
20.49
0.02
0.12
3.57
2.09
0.00
0.00
0.00
3.52
2.30

15.79
0.00
8.88

15.40
21.39
4.75

16.40
2.90

75
15.97
0.00
0.01
1.13
1.28
0.00
0.00
0.00
1.79
0.88
9.13
0.00
4.62

10.20
11.26

1.61
5.58
0.97

100
12.76
0.00
0.00
0.36
0.88
0.00
0.00
0.00
0.93
0.32
5.58
0.00
2.53
7.36
6.54
0.63
1.95
0.44

Table 7.33: The Percentage of Elevations/Pixels in the Data considered to be part of a Ridge.
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There are also patterns of data which are not acceptable for terrain data. For example large planes of 

uniform elevations (other than sea level) may be regarded as peculiar at certain vertical and horizontal 

resolutions. Also, regularity in terrain data is not expected, for example, repeated patterns such as 

the corrugated nature of the mathematical surface shown in Figure 7.10.

Undoubtedly the simplest way of solving the problem is through the visualization of a 3D repres 

entation of the terrain. When examining data through the use of the human eye many factors are 

taken into account. As such it is unlikely that a single test would be sufficient to produce satisfactory 

results. It is more likely that a combinations of tests and heuristics would be required. 

Possible approaches to the problem could involve:

• Storage of some DEM information

A simple method of giving some indication on the validity of the terrain data, would be to store 

some basic information on the terrain, along with the data. For example, the test statistics 

described in Section 7.2 may be stored. If the tests of the data in question do not produce the 

same results clearly the data is not the valid terrain. These statistical test results may also 

provide more helpful results when used in conjunction with other tests.

This method would does not solve the problem of distinguishing between terrain data and other 

correlated data, but attempts to distinguish between the expected data and the actual data. 

Obviously some knowledge and prior information of the data is required.

• Consideration of known geographical locations

The possible location of the data under investigation may be of great benefit. For example, 

determining if a section of data is terrain is a harder task than determining if the data in 

question is, say, British terrain. In which case certain information about the possible valid 

terrain is known, e.g. the maximum height of any mountains.

Once again knowledge of the expected data is required, in this case the location of the terrain 

data in question.

• Pattern recognition and database comparisons

A database of known geographical features and anomalies may be compiled to aid in the recogni 

tion of terrain data. Templates of these features may be stored in a basic form (e.g. standardized 

data at a low horizontal resolution) and may then be used to ascertain if any anomalies in tlie 

data in question are known. 

Obviously this approach to the problem would be time consuming in the initial compilation of

the database.
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• Analysis of geographical features

Further knowledge of geographical features may be a benefit. Once a known feature has been 

located the surrounding area may be analysed to determine if the feature is located within 

typical surroundings. For example, a mountain peak is expected to be surrounded by other high 

elevations.

• Neural networks

Neural networks may be utilised in such a way that they use many data sets, terrain and non- 

terrain, as training data. After sufficient training, ideally the neural network would be able to 

distinguish between terrain data and non-terrain data.

7.5 Summary and Conclusions

Three methods of detecting global correlation have been described, namely, the examination of the 

grid interpolation corrections, the DCT coefficients and the Moran Index. All three methods have 

been shown to be successful in differentiating between correlated and uncorrelated data. Further in 

vestigation of the sections of data deemed questionable by previous tests was described. The results 

indicated that the test for the Moran Index was likely to give a negative result if a small number of 

isolated points were evident in the data. The grid interpolation test was subject to failure if the data 

contained cliffs. This led to further tests on the failing data to determine if they contained isolated 

points or cliffs. The tests were once again successful in determining the invalid data. An error de 

tection mechanism, involving a point detection mask, was devised to detect any locally uncorrelated 

data, i.e. any obvious errors in the data, for example large spikes. The test was largely successful in 

detecting the bigger errors with respect to the threshold value used.

For the purpose of validating any decompressed terrain data output from the robust progressive com 

pression scheme described in Chapter 6, the methods outlined in Section 7.2 are adequate. The use 

of an arithmetic encoder ensures that in the presence of error the resulting decompressed data is 

largely random and shows no signs of correlation. For example, if an error occurs in the arithmetically 

encoded data, then a typical pattern of the Moran Indices for each block of the data is shown below.

0.85671 0.83201 0.79826 0.91344 0.83012

0.82466 0.79039 0.90160 0.91000 0.80135

0.75943 0.52136 0.10234 -0.23140 0.01230

0.01013 -0.02013 0.10123 0.00934 0.050219
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Clearly an error has occurred in the block represented by the emboldened Index, and all succeeding 

blocks show no sign of correlation. Therefore it is anticipated that the output from the arithmetic 

encoder will either be the correct terrain or uncorrelated data.

While the problem of differentiating terrain data from other types of correlated data is not strictly 

needed for the compression scheme developed here, it is still a problem of great interest.



Chapter 8

Conclusions

8.1 Achievements and Results

The research outlined in this thesis has addressed the task of developing an error tolerant compression 

scheme for digital elevation models. The problem may be split into three distinct sections:-

• pre-processing,

• data compression,

• error control coding.

This research primarily addresses the first problem, i.e. determining the best way to pre-process the 

data prior to compression and error control, to create a robust compression scheme. 

Recently much research has been done in the area of image compression. A significant difference has 

been encountered between image and DEM compression techniques. In general, image compression 

techniques take advantage of the fact that small inaccuracies in images go unnoticed by the human 

eye. In DEMs slight inaccuracies may be crucial in many applications. Good DEM compression has 

been achieved through the use of a simple linear predictor method, however the use of such a predictor 

results in a propagation of errors, and proves unreliable in the area of robust compression. 

A variety of methods have been implemented; a bit splitting method, grid interpolation, DCT, vector 

quantization and linear quadtrees. In each method the data was compressed in such a way that if the 

unprotected data was lost through the introduction of errors, there was a constraint upon the errors 

incurred in the decompressed DEM. In the grid interpolation and DCT based methods this was done 

by identifying and isolating any elevations which would be above the tolerated error should an error 

occur in the unprotected data. These 'high' corrections could then be stored and protected along with 

an explicit reference to their position in the DEM. Changes were made to the VQ encoders in an effort
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to make the algorithms more amenable for terrain compression. Distortion measures were changed to 

reduce the number of corrections that lay outside the tolerated error limit. These changes led to the 

PNN-Med codebook generator algorithm along with the improved VQ encoder. 

The compression results clearly indicate that neither vector quantization or linear quadtrees are com 

parable with bit splitting, grid interpolation or the DCT.

The bit splitting, grid interpolation and DCT methods have been shown to provide good results for 

lossless DEM compression. The choice of which method to use was made by assessing each methods 

potential in four areas: good lossless compression, fast decoding, progressive levels of decoding and 

controlled degradation of quality in hostile environments. The different methods offered various solu 

tions in each area. For example, the DCT method showed good lossless compression and would have 

been a highly competitive scheme had there been no lossless constraint on compression. Similarly 

the bit splitting would have been more suited to an application where progressive refinement in the 

vertical direction was required. However, the grid interpolation method was chosen over bit splitting 

and the DCT, due to the appropriateness of the method for progressively refining the accuracy of the 

DEM in the horizontal direction, whilst ensuring good lossless compression.

The two stage grid interpolation method was developed in a full hierarchical approach, where many 

levels of data were employed. The use of BCH codes, arithmetic encoding along with the knowledge 

of the data (i.e. the size of the low corrections at each level) allowed for three layers of error control. 

The decompression process ensured that in the presence of errors all correct data was made available 

in an incomplete representation of the DEM along with a complete lower resolution representation. 

A robust progressive compression scheme for DEMs, which allows progressive reconstruction in the 

presence of errors, has been developed and implemented. Results indicate that this method produces 

storage savings of up to 38% over a simple linear predictor method. A summary of the scheme de 

scribed here is presented in [71].

The work presented in this thesis contains the first evaluation of candidate methods for the robust 

compression of terrain elevation data. It also contains the first complete implementation of a robust 

terrain compression scheme.
While several compression methods were looked at, it is accepted that other compression methods may 

have something to offer in this area. For example, wavelets are currently used in image compression. 

Wavelets, like the DCT method, result in lossy compression. Through the use of the DCT it has been 

seen that the result of forcing a lossy compression scheme to be lossless is costly. However if lossy 

compression is acceptable then the DCT based method, and possibly other lossy methods, such as 

wavelets, may be considered further.
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Several tests were developed for determining if the decompressed data exhibited characteristics typical 

of terrain. The methods involved the analysis of grid interpolation corrections and the DCT coeffi 

cients along with the calculation of a spatial autocorrelation index (Moran's Index). The tests were 

successful in differentiating between terrain data and random data. However these tests were unable 

to distinguish between terrain data and other types of correlated data, with any certainty. Further 

tests were described to examine why small blocks of terrain data failed the correlation tests. It was 

found that the existence of large cliffs in a section of data would result in the failure of the grid 

interpolation test, while infrequent high elevations on flat terrain would fail the Moran Index test. 

Tests were also developed for detecting any large spikes in the data. The results indicate that large 

spikes in the data were detected with reasonable success.

8.2 Future Work and Developments

The separation of the problem into three distinct sections enables the development of any one section, 

with little or no effect on the other two. Such a structure is able to take advantage of developments 

in the areas of data compression and error control coding. In this research arithmetic coding and 

BCH coding are employed. Currently arithmetic coding is largely considered to be at the forefront of 

statistical encoding. However, in the area of error control BCH codes appear to have been overtaken 

by turbo codes. Further developments would certainly involve ensuring that the best is made of 

current coding methods so that the best possible codes are used in terms of efficient coding and data 

recovery.
The basis of the robust compression scheme presented in this research may have application in areas 

other than DEM compression. In fact, the method may be considered for any area in which digital data 

must be retained accurately. For example further work could be undertaken to assess the suitability 

of this method for the robust compression of medical images and of satellite collected data other than 

digital elevation data.
Section 7.4 highlighted several areas of future research in the area of distinguishing between terrain 

data and other types of correlated data. Several possible areas of investigation were mentioned, 

including the use of neural networks and approaches based on geographical knowledge.
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