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AgSTRACT

This thesis presents perceptual measures of signal features primarily for compres-

sion. Classical distortion measures, such as the mean squared difference between samples

of the signal and the reconstructed signal, have little meaning in measuring perceived fea-

tures. In this thesis perceptually relevant features of signals are measured, quantifred, and

extracted by methods which are based on human perception. These methods are the wave-

let transform, artificial neural networks, and multifractals. The result of the processing of

the signals is that most of the redundant and irrelevant information is removed, and, in this

way, compression is achieved while quality is perceptually optimized.

Compression of music involves the adaptive quantization of the wavelet subband

coefflcients. The amplitude probability density of the coefficients in each subband is mod-

elled using learned scalar quantization employing frequency sensitive competitive learn-

ing. The source data consists of 1-channel sampled data ,44.1kHz sampling rate, and

quantized to 16-bit linear data read from a compact disc containing examples of classical

and pop music. Preliminary results show a bit-rate of 150 kbps, rather than 705.6 kbps,

with no perceptual loss in quality.

Compression of images involves vector quantization employing various competi-

tive learning algorithms, including hard competitive learning, soft competitive learning,

Kohonen's self organizing feature map, and frequency sensitive competitive learning.

Grey scale images are compressed by 16:1 and transmitted at 0.5 bits per pixel, while

maintaining a peak signal-to-noise ratio of approximately 30 dB.

Finally, this thesis presents a perceptually meaningful and objective measure of the

distribution of information in signals. The measure is multifractal based on Rényi's gener-

alized entropy and a generalized correlation dimension. The features of the signal are rep-

resented by information subsets. The multifractal entropy distribution function shows a

slightly wider breadth for the baboon as compared to Lena, indicating the baboon contains

a higher degree of non-uniformity. This thesis reports Hausdorff fractal dimensions for

-1-



Lena and the baboon of 2.5958, and2.6562, respectively.
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fntroduction

In this exponentially progressing technological age, the days of communicating

information through text alone are coming to an end, very quickly. People want to express

themselves through multiple forms of media (multimedia), such as images, pictures,

audio, music, moving pictures, and video - everything and anything that will serve to get

their message across more efficiently and effectively. Today, multimedia has become the

communication method of choice and demand.

In this also highly digital information age, streams or sequences of digital data

(100111011101010111 ...) are used to represent the multimedia, with which we are all

familiar. These streams or sequences of digital data represent the state of some system,

such as a still picture of a natural scene, a person's vocalization, Bach's Seventh Overture,

or a video clip. Hence, these digital streams or sequences are also called signals. The way

in which we coÍtmunicate information is by transmitting or storing these signals in their

digital form. Thus, in today's digital information age the physical communication of mul-

timedia demands the ability to transmit and to store digital data.

Today's technology gives us great ability to cornrnunicate multimedia, ranging

from one personal computer (PC) to the next through local area networks (LAN), from

one distant location to the other through wide area networks (V/AN), or an interconnection



of LANs and WANs, such as the information super highway, through, for example, the

INTERNET. However, today's demand for information is exponentially increasing, and

technology must keep up.

One way of keeping up with the demand is by increasing the physical capacity of

the transmission and storage systems. Indeed, today we are witnessing the explosive

nature of the increase in memory size and the implosive nature of their cost. For example,

this author purchased a 20 Mega-byte (MByte) hard disk for approximarely $700.00 Cdn

during the first year of his graduate program. Today, five years later, a 2 Giga-byte

(GByte) hard disk can be purchased for the same number of dollars (-100 Vo decrease).

Furthermore, we are witnessing the expansion of the speed of computer networks to facii-

itate the ever increasing demand. For example, the Asynchronous Transfer Mode (ATM)

standard implemented on a fibre optics channel will replace the once touted Ethernet

standard. And, if the AIM standard is not sufficient by itself, then more fibre channels will

be added.

However, even with the constant and continual improvement of technology, the

cunently available bandwidth will always be too small. Full motion video with high qual-

ity audio requires enormous bandwidth, exceeding 0.75 Giga-bits-per-second (Gbps) for

just one instance. For example, 30 frames-per-second (fps) video withZ4-bitcolor and a

resolution of 1024xI024 pixels requires a bit rate o1754,974.720 bits-per-second (bps).

The corresponding Compact Disc (CD) quality audio stream requires a bit rate of

1,411,200 bps. Today, the existing bandwidth of 14,400 bps of the basic telephone net-

work, up to 622 Mega-bits-per-second (Mbps) of the OCI}AIM network [TRla95] is not

even adequate to facilitate the capacity required for one instance of 30 fps video. yet, this

is not including the eventuality of say millions of homes and offices wishing to receive as
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many different video clips at the same time.

The philosophy of "if the highway is too small, then construct more lanes" is not

the only solution a telecommunications engineer can address. There is another less expen-

sive and more efficient, practical, and interesting way in which the effective speed of

transmitting signals on an information super highway can be increased, or the effective

capacity for storing signals in a storage medium can be increased. This approach is called

signal compression.

Signal compression may make the dream of communicating vast amounts of infor-

mation on a super highway a reality without the substantial increase in the cost due to

physical channel widening. Signal compression is less expensive, more efficient, more

practical, and smarter because it increases the effective speed and storage capacity without

increasing the number of 'lanes'. Signal compression is more interesting because it deals

with the very nature of human perception and may eventually lead to a better understand-

ing of the perception mechanism. This may be the key step for realizingthe ultimate

dream of creating machine intelligence comparable with that of the human brain.

The objective of digital signal compression is to minimize the samples of a signal,

while minimizing the loss of perceived quality. Since the human perception system

observes and ultimately assesses the quality of signals, the signal compression coding

must be driven by the criterion of minimizing the perceived error. Classical distortion

measures, such as the mean squared difference between samples of the signal and the

reconstructed signal, have little meaning in measuring perceived error. The amount of per-

ceived error or distortion introduced by compression coding must be quantified using per-

ceptually meaningful measures, and if possible quantification should be done using

perceptually meaningful objective measures. These measures must produce values, which
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are similar to the sense returned by the human perceptual process upon observing a signal.

There is a theoretical limit to which a signal can be compressed. Compressing a

signal means removing statistical redundancy and perceptual irrelevancy from the signal.

A signal consists of the sum of relevant, irrelevant, and redundant information. Signals

cannot be compressed very well by removing redundancy alone. In order to achieve high

compression rates, both redundant and irrelevant information should be removed. The

limit to which a human signal can be compressed should not be determined by the amount

of redundancy, but must be determined through a measure of the relevant information in

the signal, or the perceptual entropy of a signal.

Thus, the compression coding of signals must incorporate models of human signal

perception. Known models of perception are based on psycho-acoustic and/or physical

properties of the human perception mechanism.

The psycho-acoustic model [Hout92] is based on the inability of the human

observer to differentiate between two signal components in nearly the same space, time, or

scale. Psycho-acoustic compression coding removes the irrelevant information that is

masked by the stronger more relevant information in the same spacial, temporal, or scale

locality. The physical-acoustic models qualitatively match the acoustic mechanism of

human perception. The physical aspects of the human perception mechanism naturally

remove redundant and irrelevant information. By modelling the physical aspects of human

perception, the physical-acoustic compression algorithms tend to do the same.

In the literature, signal compression research has focused on the use of artificial

neural networks, wavelets, and fractals. These compression techniques have the potential

of yielding very large compression ratios, while maintaining very good quality. In these

areas' many researchers have provided good compression methods and techniques. Much
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work has been done on the subject of wideband audio compression [BGSS92], [Jaya92],

[Hout92], [Seit91], [Veld92]. The majority of this work deals with either subband coding,

transform coding, or a combination thereof. These coders strive to maximize the signal-to-

noise ratio (SNR), the fitness function of a human audio perception model, or a hybrid.

One problem associated with these techniques is the inadequacy of the classical metrics to

convey a measure of signal features that is reflective of human perception. In order to cir-

cumvent this problem, some researchers have attempted to develop the so called percep-

tual metrics [BGSS92]. Others have used an artificial neural network for modelling the

similarity metric used by the human perception mechanism IAKCM9OI. And other

researchers have used wavelets, and other transforms, which are reflective of or model the

human perception mechanism [KiLa93]. Finally, other research work involves the use of

fractals and multifractals [Gras83], [GrPr83], [HePr83], [Kins94b], [Kins94c], [Mandg3].

1.1. Thesis Statement

This thesis proposes perceptual measures of signal features primarily for compres-

sion. Since classical distortion measures, such as the mean squared difference between

samples of the signal and the reconstructed signal, have little meaning in measuring per-

ceived error, this thesis develops perceptually meaningful measures and perceptually

meaningful obiective measures of signal features. This thesis extends the signal compres-

sion work done in the literature in the following three areas: the wavelet transform, artifi-

cial neural networks, and multifractals.
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I.2. Contributions of the Thesis

This thesis applies the wavelet transform to model the human perception mecha-

nism. In the literature, many types of conventional transforms, such as the Fourier trans-

form, have been used to model the human perception system. This thesis uses the wavelet

transform because the wavelet transform offers a more relevant model of perception.

Along these lines, this thesis develops a perceptually meaningful measure of the amount

of irrelevant information in the audio signal. Wavelet based features of the audio signal are

extracted and processed for compression in a manner that is similar to the cochlea.

Next, this thesis applies an artificial neural network to learn vector quantization.

Learned vector quantization models the way in which features are learned and stored in

the human perception and storage system. A novel graphical user interface for visualiza-

tion of the dynamic and adaptive learning procedure is developed.

Finally, this thesis applies multifractals for obtaining an objective measure of the

subjective nature of the perception of signal features.

1.3. Thesis Organization

In Chapter 2,the first part of the thesis presents adaptive wavelet subband coding

of wideband audio signals for low-bit rate and high quality signal compression. The wave-

let transform transforms the signal by a process similar to the physical mechanism of

human perception. Once a signal is represented by the wavelet transform, perceptually

motivated, non-linear methods of data reduction are applied. The coefficients in the wave-

let subbands of wideband audio arc quantized using a scheme that adapts to the subband
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signal by setting the quantization step size for a particular subband to a size that is

inversely proportional to the subband energy. Furthermore, within a subband the scheme

modif,es the energy determined step size as inversely proportional to the amplitude proba-

bility density of the coeffrcient. Thus, these non-linear methods are motivated by the per-

ceptually influential factors of energy and frequency. The amplitude probability density of

the coefficients in each subband is modelled using learned scalar quantization employing

frequency sensitive competitive learning. The source data consists of 1-channel sampled

data, quantized to 16-bit, and sampled at 44.1kÍlz from a CD containing examples of

classical and pop music. Preliminary results show a bit-rate of 150 kbps, rather than 705.6

kbps, with no perceptual loss in quality.

In Chapter 3, the second part of this thesis presents a study and implementation of

still image compression using learned vector quantization. Grey scale, still images are

compressed by 16:1 and transmitted at 0.5 bits per pixel, while maintaining a peak signal-

to-noise ratio of 30 dB. The vector quantization is learned using a variety of competitive

learning artificial neural networks. V/hile not only being representative of the training set,

the prototype vectors also serve as a basis for other histogram-similar images. Hence,

these codebooks quantize other images not in the training set. Various optimization tech-

niques are investigated. The effects of the uniform, linear, and cubic nested learning rate

and neighborhood functions on rate of convergence are studied. Simulated annealing is

applied to the self-organizing-feature-map (SOFI() network. By inserting impulses of

high temperature at increasing time intervals, codebooks learn more quickly. Competitive

learning, frequency sensitive competitive learning, and Kohonen's neighborhood learning

are studied. An XView interface on the SI-IN SPARC Station 2 is built to facilitate a user

interface, and to graphicatty illustrate the dynamic learning of the codebooks and vector-
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by-vector quantization and reconstruction of images.

In Chapter 4, the third part of this thesis presents a perceptually meaningful meas-

ure of the distribution of information in signals. The proposed measure is a multifractal

based on Rényi's generalized entropy and a generalizedcorrelation dimension. The fea-

tures of the signal are represented by information subsets. The multifractal measure of a

subset indicates its information content, whether it be redundant, irrelevant, or relevant.

The multifractal entropy distribution function f(cr) shows a slightty wider breadth for the

baboon as compared to Lena, indicating the baboon contains a higher degree of non-uni-

formity.

chapter 5 gives the conclusions and recofirmendations for future work.
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Adaptive wavelet subband coding for wide-band Audio
Compression

2.1. Introduction

Wide-band audio signal compression has been gaining much attention, most notably

in the field of multimedia communication [KFAG93]. Given the compact disc (CD) technol-

ogy, people naturally expect similar quality sound in multimedia. The bit-rate of CD quality

audio (1.4 Mbps) currently prohibits its use in many multimedia platforms, such as personal

computer (PC) systems. One way to allow high quality audio in multimedia systems is

through the use of data and signal compression.

Much work has been done on the subject of wide-band aud.io compression [BGSS92],

[Jaya92], [Hout92], [Seit9l], [Veld92]. The majority of this work deals with either subband

coding, transform coding, or a combination thereof. These coders strive to maximize the sig-

nal-to-noise ratio (SNR), the fitness function of a human audio perception model, or a hybrid.

On the one hand, the SNR based coder attempts to minimize the distortion at a given bit-rate

based on conventional distortion measures, such as the Euclidean metric. On the other hand,

the perceptual coder attempts to model human perception of the audio signal based on the

psychoacoustic masking phenomenon [Veld92] andon models of the cochlea itself. These

models are applied in either the time-domain, the Fourier frequency-domain, or a derivative

of the frequency domain, such as the discrete cosine transform (DCT).
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The purpose of this section of the thesis is to develop a model of the hybrid coder

of wide-band audio signals in the wavelet domain. The wavelet transform is used because

of its ability to model the human perception mechanism. In the model, the time-domain

audio samples are transformed into the wavelet-domain. The wavelet transform decom-

poses the audio signal into wavelet subbands, thus extracting wavelet based features. In

the wavelet domain, each subband consists of coefficients which indicate the degree to

which the audio signal belongs to that subband, or feature. To achieve signal compression

based on the wavelet-based features of the signal, the coefficients in each subband are

quantized using a two-step, adaptive, non-uniform, frequency sensitive quantization. First,

a quantization step size is assigned to each wavelet subband according the subband's

energy content. Second, inside the subband, the energy determined step size is further

modified to reflect the frequency of occurrence of the wavelet coefficients in that subband.

Highly probable coefficients are given small step sizes, while improbable coefficients are

assigned large step sizes. Thus, this allocation of step sizes is done non-uniformly. The

probability density of the coefficients in each subband is learned using a frequency sensi-

tive competitive learning (FSCL) neural network, and the assignment of step sizes is done

by the learned quantization. Thus, this allocation of step sizes is also done adaptively.

This chapter is organized as follows. The introduction explains what is meant by

wide-band audio, its quality, bandwidth, and bit-rate. With signal compression in mind,

the sources of redundant and irrelevant information are described. This is followed by a

brief description of some of the applications of wide-band audio and a brief outline of the

current implementations of the compression of wide-band audio. Next, the coding

approach is described, with a focus on what type of compression should be used in wide-

band audio. This develops motivation for using the wavelet transform. Having developed
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motivation, the next section briefly describes the background theory of the wavelet trans-

form. This is followed by a discussion of the type of quantization that can be performed on

the coeffrcients in the wavelet subbands. This leads to the energy and frequency adaptive,

non-uniform quantization of wavelet coefficients used in this thesis. Having discussed the

motivation and background theory, discussed next is the software that was developed to

test the theory. This is followed by a description and analysis of the experiments and

results, followed by the chapter summary.

2.2. What is Wide-band Audio?

Technically speaking, wide-band audio, like all sound, is characterized,by the per-

ceived degree of air pressure at a certain frequency. The audio signal is physically mani-

fested as a sound pressure wave, as for example described in [KlKi87]. Figure 1 shows the

sound pressure and frequency limits for average human perception of various classes of

sounds [Ever89].

The pressure limit is bounded below by the threshold of hearing curve. Sound

pressure waves having a level below this threshold cannot be heard by the average human

observer. As the pressure level is increased above the threshold of hearing for a given fre-

quency' the sound can be sensed. When the pressure level exceeds the threshold of feeling,

pain can be felt. There are also frequency limits. Sounds having frequencies below about

10 Hz and above 2OWlzcannot be heard. As shown in the figure, wide-band audio has a

bandwidth of about 20-20 kHz. Note that speech can also be considered a wide-band

audio signal, since its bandwidth is a subset of the former.

- 11-



120

ã'100
!

C)

õ80
J
c)
fi

A60
(.)
LlÀ
E40
(t')

20

20 100 500 lk
Frequency [Hz]

lok 20k

Fig. 1. Limits of aural perception [Ever89].

The above describes a technical nature of wide-band audio, but most of us are

familiar with its definition as the quality of sound contained in CDs. But there are also

many other applications. These include multimedia documents, multimedia CD ROMs,

computer games, video games, educational tools, tutorials, language instruction, music

instruction, video telephones, virtual reality, voice and audio email, and desktop audio

publishing.

2.3. Problem of Wide-band Audio

The problem associated with implementing wide-band audio for various applica-

tions is the large cost of storage and transmission. For example, digital audio having char-

acteristics of a44.1 kHz sampling rate, 16-bit per sample, and two-channels requires a bit-

rate of L,411,200 bps. Consequently 50 MBytes of free disk space is required in order to
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store a mere five minutes of CD quality music. The problem is even more pronounced for

the digital audio tape (DAT) format, because DAT uses a48kflzsampling rate.

Much work has been done in order to solve the large storage and transmission rate

problem. Figure 2 shows the source bit rate and the target bit rate, along with some of the

established compression schemes and standards. This work refers to standards such as the

International Standards Organization (ISO) [Musm90], moving picture experts group

(MPEG), [LeGa9l], digital audio broadcasting (DAB), [Spur90], and DAL The work also

includes implementations such as digital compact cassette (DCC) and precision adaptive

subband coding (PASC) [Lokh91], masking-pattern universal subband inregrated coding

and multiplexing (MUSICAM), and ASPEC [Musm90]. At the low end of the spectrum,

code-excited linear predictive coding (CELP), [CaTW90] is used for telephone quality

and low bit rate speech lLang9}l.

Fig. 2. Bit rates of some standards and implementations of wide-band
audio.

2.4. Information Nature of the wide-band Audio pressure wave

As shown in Fig. 2, the target bit rate is 64-256 kbps. In order to achieve the targer

bit rate, one must consider the sources of redundant and irrelevant information in the sig-

nal. Knowing the sources of redundant and irrelevant information, one can devise percep-

tually optimal compression algorithms that suit or model the signal. Once identified, this

information can be removed and thus the representation of the signal reduced.

ASPEC, DAB
DCC, MPEG VAUDIO

CELP MUSICAM, PASC CD DAI

4.8 64 129 Bir rate [kbps] 256 1,411 t,536

T Bit Rate
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2.4,1 Redundancy Information in Wide-band Audio

The redundancy in wide-band audio manifests itself in basically two ways. The

first source is inherent redundancy in the analog signal itself. Figure 3a shows the voltage-

time relationship of typical wide-band audio. As can been seen in Fig. 3a, the statistics

change over time, i.e., some portions show pseudo periodic behavior, while others look

like (and sometimes sound like) noise. More specifically, the autocorrelation function of

typical audio depends on absolute time, not on the time difference, as is the case for sta-

tionary signals. However, while the wide-band audio signal is non-stationary, there is still

some predictability in the signal, and, therefore, a parametric coding of the signal can the-

oretically achieve compression.

Fig. 3. (a) Analog voltage-time representation of wide-band audio. (b)
Digitized version of the analog signal in (a).

The second source of redundancy is embedded in the digital samples of the signal.

For the purposes of communication and storage, the wide-band audio signal is captured in

the digital domain using an analog-to-digital converter (ADC). The sound is digitized into

two channels, at a rute of 44.1 kHz, using 16 bits-per-sample. The 44.1 kHz sampling rate

is chosen according to the Nyquist criterion, given the fact that the most of the energy of

q)
Þo
cd

-o

(a)

(.)
bo
d

I
(b)Time Time
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wide-band audio is contained in the bandwidth of 20-22,050 Hz. Consequently, because

the signal is uniformly sampled, some of the digital samples of the slower varying portions

of the signal are redundant. For example, for a one second, 11 kHz portion of a signal dig-

itized at 44.I ktlz, there are 44,100 - 22,000 = 22,!00 redundant samples. This represents

a 5OVo compression, or a 2:1 compression ratio.

The fact that there is little predictability in the audio signal is the reason for the

inability of redundant information based compression schemes (also known as first order

entropy encoders), such as Huffman and arithmetic coders [Kins91], to achieve any sub-

stantial compression. The average amount of compression one can obtain using the

entropy encoders is 50vo, or a2:1 compression ratio, as given by Theorem 1.

Therefore, the removal of redundant information alone is not sufficient to achieve

the target bit rate of Fig. 2. To achieve greator compression, the irrelevant information

must be removed as well.

Theorem 1: Consider a bandlimited and linearly distributed signal. The average

amount of compression that can be obtained through the removal of redundancy due to

over-samplingis 50Vo.

Proof: This follows from the assumption that the frequency of the signal is linearly

distributed along its bandwidth20-22,050 Hz. For a given percentage of the signal,

Eq. 1 yields the fraction of the sampling rate required to represent the signal.

s\nb =
'[ ;*,å :,:) ='(;s:( ] t4ä!l ))

TheSisthesampling rate,p isthepercentageof thesignalhavingbandwidth b,andb

is the percentage bandwidth. I

(1)=)s
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Scale-topologically Ordered Filter of the Cochlea

2.4.2 lrrelevant Information in Wide-band Audio

The irrelevant information in the audio signal manifests itself as a result of the

human audio-perception processing of the cochlea. The cochlea processes the incoming

sound pressure wave [YaWS92] by trapping scale based features of the signal in a scalar-

topological manner, as shown in Fig. 4.

Fig. 4. Simplif,ed model of the scale-topologically ordered filter of the
cochlea.

Fine scales or rapidly varying portions of the signal are trapped by short spatial

windows along the cochlear length, while slowly varying or course scale portions of the

signal fall into the larger window bins. The literature shows that the size of the scale-win-

dows are logarithmically related. (Actually, they are logarithmically related above 800H2,

and linearly related below 800H2. But, the band 20-800H2 represents a small 4Vo of the

audio bandwidth 20-22,050 Hz [YaWS92].)

Once the cochlea traps the scales of a signal into their appropriate bins, further

cochlea and subsequent neuronal units apply a non-linear distortion to them. The amount

of distortion applied to a given bin differs from another. The exact amount of distortion in
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a particular bin cannot be quantified, since this measure is subjective and varies from one

person to the next. However, a fuzzy range can be applied based on Fig. 1, the perceived

degree of air pressure at a certain frequency. Compiling these observations, Fig. 5 shows

an approximation of this non-linear processing inside the cochlea bins. In Fig. 5, the

widths of the bins are illustrative of the degree of distortion.

Fig. 5. Logarithmic bin model of perception of the cochlea. The area of
machine perception (MP) includes the entire rectangle, while human per-
ception (HP) contains the area underneath the fiizzy bars.

Note that this type of distortion is in direct contrast to machine perception. If a

machine were to interpret the audio signal, then all scales would be equally as important.

In the human case, not all of the information is relevant. Therefore, from a relevancy point

of view, the cochlea can be modelled by a scale filter that splits the signal into logarithmic

bins of perception within the bandwidth of 20-22,050 Hz, as shown in Fig. 5. The amount

of irrelevancy is the difference between the areas Mp - Hp - n .

Machine->1.0
Perception

Level of 0.5
Perception

Frequency/Scale (Hz) 22,050
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2,5. Coding Approach

As discussed above in Fig. 2, the standard compression rate of wide-band audio is

approximatery 64-256 kbps [Musm90], [LeGa9l], [spur90], [Lokhgr], [Musm90],

[CaTW9O]. The objective of this section of the thesis is to achieve the same bit rate. The

difference between the standard methods and this thesis is the use of the wavelet transform

at the heart of the compression coding. The coding of the wide-band audio signal is

approached from the point of view of modifying the perceptual characteristics of the sig-

nal, much in the same way as the cochlea's model developed above.

Figure 6 shows a block diagram of the audio compression communication system.

As shown in Fig. 6, the stream of digital data is first transformed into an appropriate

domain. This transformation of digital time domain data into another domain is done

mainly to obtain adata stream that is similar to the stream processed by the human percep-

tion mechanism. Once in the transform domain, the transform domain coeffrcients are

quantized. Quantization is done in such a way as to remove or reduce the resolution of

those coefficients not contributing to the perceptually significant features of the source

signal, much in the same way as the filter of the perception mechanism. This represents

the irrelevancy removal. Also, this is the lossy portion of the compression, since some

information (irrelevant information) is removed. In effect, this irrelevancy removal

increases the redundancy space. Thus, the next step represents the redundancy removal.

Redundancy removal is called first order entropy encoding, and is usually implemented by

Huffman or arithmetic coding [WaFK93]. The coded data is then either stored for future

reference, or directly transmitted to the receiver, whereupon the receiver decodes the data

in reverse order.
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Discrete
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Fig. 6. Coding approach block diagram.

2.5.1 Thansform Considerations

As mentioned above, the bandwidth of wide-band audio is approximately 20WIz.

However, the energy distribution in this bandwidth is uneven, typically, as shown in Fig.

7a. This uneven distribution provides motivation for using signal decomposition, or sub-

band coding. The basic idea is to divide the signal into subbands, and to treat each sub-

band according to its energy. From a signal theory standpoint, it is reasonable to assign

more importance to those portions of the signal containing higher energy. From a percep-

tual standpoint, it is also reasonable that the division of the signal into subbands be done in

a manner that is similar to the cochlea filter, as shown in Fig. 7b.
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Spectrum of wide-band Audio

X

Perceptual (Cochlea) Filter Bank

Frequency [Hz] Frequency [Hz]

Fig.7 . (a) Energy specrrum of typical wide band audio. (b) perceprual f,l-
ter bank of audio.

2.5.2 Thansform Comparison

In order to obtain an effrcient transform, the transform must match the signal and

the cochlea. Intuitively, from a signal compression standpoint, it is clear that a transform

whose basis function most closely resembles the input signal would yield better compres-

sion ratios, because the transform coefficients would represent the signal more efflciently.

The coefficients result from projecting the signal onto the basis function of the transform.

Therefore, the coefficients express the degree to which the signal matches the basis func-

tions.

In choosing a transform, the characteristics of the signal should be considered. In

order to consider typical audio in the worst case, two extreme features of wide-band audio,

a spike and a periodic waveform, are considered. Figure 8 shows an input signal consist-

ing of a sinusoid and an impulse (Fig. 8a) and three transforms (Fig. Sb to Fig. 8d). As

shown in the figure, the impulse basis (Fig. 8b) locates the impulse of the signal very well.

But, its representation of the sinusoid is very redundant; almost all of the transform coeffi-

cients would have to be transmitted with equal energy in order to reproduce the sinusoid.
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The Fourier basis (Fig. 8c) locates the sinusoid very well, but its representation of the

impulse is likewise very redundant. The impulse, which very well could be irrelevant

information, is buried by the Fourier transform. The wavelet basis (Fig. 8d) provides a

compromis¿ between the two former transforms. The wavelet transform locates both the

impulse and sinusoid. Overall, the wavelet basis matches the input signal better than do

the impulse and Fourier standard transforms. Notice that the high scale coefficients exhibit

little energy (except for the impulse location), and so they may be allocated a small

number of bits, while the small scale coefficients may be encoded with higher resolution.

(a) Input S

(b) Impulse t (c) Fourier (d) Wavelet

Fig. 8. Comparison of transforms (After [Herl93]).
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2.5.3 Discrete Wavelet Thansform

The discrete wavelet transform maps the time domain of audio signals into the

time-scale domain, an example of which is shown in Fig. 9. As shown in the figure, the

signal is segmented into sequential blocks of M samples. (M = 64 isused in this example.)

Each block of time domain samples is consecutively transformed into wavelet coeffi-

cients. The wavelet coefficients cj,kare obtained by projecting the time-domain samples

x[n] onto the basis functions V¡,¡rln1 , as given by F;q.2,

N_1

,j,k = 2 *t"lV¡,r,[n)
n=0

The functions, Vj, ¡rln\ , are called scaled and translated versions of the basic basis

function Vs, s [n I . While there are many different kinds of basis functions that can be

used in the wavelet transform, such as the Harr, Daubachies, Malat, Meyer, Coiffman, and

Spline [Mall89], [ViBL94], [CMQWS9], this section of the thesis uses the Daubachie 4

(Daub4) functions because they most closely resemble the input, the time domain audio

signal [ViBL94]. In other words these particular functions are used because they are pro-

totypical of audio signals. The optimal value of M in the frequency content sense has been

studied in [LaFK93], where it is shown that for speech, a block size of M = 32 yields the

most efficient frequency decomposition (a higher value of M would only serve to decom-

pose the frequency axis below 300 Hz, where there is little relevant audio information).

For each frame (block of M samples), the time domain audio signal is projected onto each

of the scaled wavelet prototype basis, thus forming logz(Ð subbands. In each subband

the wavelet coefficients express the degree to which the signal matches the prototype basis

function at that scale. Notice this transformation is similar to the model shown in Fig. 4.

(2)
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Daub4 wavelet prototype basis

d
'Wavelet Domain Coefficients

lìTil +

Ãz

Fig. 9. Example of a discrete wavelet transform of an audio signal. M=64
is used here as an example.

2.5.3.1 QuantizationofTbansformCoefficients

Having transformed the signal into the wavelet domain, the next step is to quantize

the coefficients in the wavelet subbands. There are three main types of quantization, scalar

quantization, vector quantization, and overlapping vector quantization. The choice of

which type of quantization to use is usually taken on the basis of first determining the

granularity of the data. Granularity is def,ned as the average length of data that constitutes

a feature in a signal. In this case the average length of data is the number of sequential

wavelet coefficients. In this thesis, the wavelet coefficients of wide-band audio are

assumed to be scalars. Therefore, scalar quantization is used.

When quantizing the coeff,cients, the main idea is to allocate an appropriate

number of bits for each subband. Recall that the original audio waveform is sampled using

16-bits at44.l kHz throughout the signal's bandwidth. The idea of subband coding of sig-
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nals is based on the observation that not all scale subbands need to be sampled at this res-

olution (16-bits). Some subbands may have more energy than others, and some bands may

be more perceptually important than others. Therefore, the more energetic subbands

should be allocated more bits. For example, the bit allocation algorithm would allocate 16-

bits for the most energetic subband, and a decreasing number of bits for less energetic sub-

bands. This is one method by which non-uniform sampling is implemented.

Once the decision is made on the number of bits to be used to quantize a particular

subband, the next step is to consider how each individual coefficient within a subband is to

be quantized. This should be done in a manner similar to the cochlea, as shown in Fig. 5.

Quantization within a subband can be done in a straightforward manner, such as

uniform quantization. In this case each coefficient in a subband is rounded off to the near-

est multiple of quantization step size that is determined by the energy content for that sub-

band. However, uniform quantization treats all coefficients within a subband equally

because of the assumption of the uniform distribution of signal features.

2.5.3.2 Non-uniform Quantizationwithin wavelet subbands

When the frequency of occurrence of coefflcient amplitudes in a subband is uni-

form' then uniform quantization is optimal. Since each coefficient occurs as frequently as

the others, then each coefflcient should be treated equally. However, this is not the case in

the wavelet domain of wide-band audio. Coefficients having amplitude near zero, occur

much more frequently than large magnitude coefficients. In general, the distribution of

features within a wavelet subband is non-uniform. The typical distribution of wavelet

coefflcients in a subband is as shown at the top of Fig. 12. On the basis of "the more fre-
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quent a particular stimulous occurs the higher is the degree of the aroused behavor", it

seems reasonable to allocate more bits to the coefficients occurring more frequently. Each

coeffrcient in a subband is rounded off to the nearest multiple of the quantization step size

that is determined based on the initial assessment of the energy-based quantization step

size, and then the frequency ofoccurrence ofthat coefficient. This nested step size is

bounded below by the number of bits initially allocated in the energy calculation (best res-

olution), and bounded above by the maximum amplitude range of the coefficients in the

subband (sets all coefficients to zero).

Non-uniform quantization within a subband can be done using the well known pr-

Law function, which allocates higher resolution to coefficients having amplitude magni-

tude near zero, and a log-decreasing resolution to higher magnitude coefficients [Jmax60].

The p-Law function somewhat suits the distribution of wavelet transform data. But the

distribution of wavelet domain coefficients of wide-band audio is only approximately

suited to a logarithmic bit allocation. The p-Law is oblivious to the exact probability den-

sity of these coefficients. When the density changes, the p-Law does not accommodate the

change. The p-Law function does not adapt itself when the variance of the data changes.

Therefore, the bit allocation function should not be fixed.

A better non-uniform quantizer is one that not only provides non-uniform step

sizes, but adapts these step sizes according the probability density of the coefficients. The

problem is this density is not known. However, it can be learned by a neural network. A

neural network learns a distribution by training on representative data. The learning algo-

rithm used in this section of the thesis is the frequency sensitive competitive (FSCL)

learning, which is described in Section2.6.3.
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2.6. System Description

Software was written to implement the adaptive frequency sensitive wavelet sub-

band coder. The main code was written in C, and the graphical user interface was written

in XView. The software was run on a Sparcl0 workstation. A Sparcl0 was used, because

it provided 16-bit recording and playback of audio at sampling rates of up ro 48 kHz.

(Ð

(ii)

(iii)

(iv)

(v)

The software consists of

Graphical user interface (GUI),

The forward and inverse wavelet transforms,

The frequency sensitive competitive learning neural network for learning code-

books and for quantization based on the learned codebooks,

Byte packing, and

Arithmetic and Huffman entropy encoder.

2.6.1 The Graphical User Interface (GUI)

All of the functions, except for the arithmetic and Huffman entropy encoders, are

available through the GUI of Fig. 10. This GUI is a modified version of soundrool.cl.3l

92106123 Copyright 1991 Sun Microsystems [Math93]. The File and. Goodies menus and

all of the functions underneath these menus were added by the author. From the Goodies

menu, the dialog box of Fig. 11 is obtained. From this dialog box, the following functions

and controls are available:

26-



I

l..J\ì
I

Fig. 10. Main window of GUI. This GUI is based on sound-
tool.c 1.3 I, 92/06/23, Copyright 1 99 1 Sun Microsystems.



(i)

Fig. 11. Controls for the wavelet subband quantizer.

Selection of subband quantization schemes, including the implemented schemes of

uniform, þLaw, learning scalar quantization, and the not implemented schemes of

optimal, and adaptive.

Manual selection of quantization step size for each wavelet subband.

Band select switches for enabling/disabling band processing.

Frequency sensitive competitive learning (FSCL) switch.

Accumulative processing for iterative quantization.

(iÐ

(iii)

(iv)

(v)
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2.6.2 Forward and Inverse Wavelet Tlansform

The forward and inverse wavelet transform software used in this section of the the-

sis is based on [PTVF9Z}The wavelet transforms found in this reference were used as

functions called by the main program.

2.6.3 Frequency sensitive competitive Learning (FSCL) Neural Network

Figure 12 shows the structure of a frequency sensitive competitive neural network

[McAR9O]. The network learns one codebook for each subband. The training data consists

of wavelet coefficients from a particular subband obtained from a representative data base

of wide-band audio signals (i.e., similar music). The neural network is forced to extract

the most coÍlmon features exhibited by the training data. As a result, this network pro-

vides high resolution to data located near the mean value (most common features), and

lower resolution to infrequent data, as shown in the top portion of Fig. 12.

This non-uniform allocation of bits is determined based on the probability density

of the data. The neural network learning algorithm is based on a winner take all strategy,

where the winner is determined by the Euclidean metric, weighted by a frequency sensi-

tive term. This sensitivity forces the individual neurons to win equally, thus tending to

maximize entropy, while minimizing the energy of the error. The error is calculated using

the Euclidean metric because it conveys energy, and energy of an audio signal is important

to the human listener.
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Frequency

1.0 Wavelet Coefficient Normalized Amplitude 1.0

Input Neuron
Irj Output Neuron On

Weight UpdateInput
Wavelet
Coefficients
of Subbandj

Weights (Wnj) L,,j = 
+,(w,,¡-I¡,*)

k: V/avelet Coefficient in Band j
î,: Learning Rate

Fig' 12. Neural network structure for learning wavelet coefficient distribu-
tions.

2.6.3.1 FSCL algorithm

The following steps give a detailed description of the training procedure of the fre-

quency sensitive competitive learning for scalar quantization of wavelet subband coeffi-

cients:

STEP 1: Initialize each weight to the mean value of the coefficients of subband j plus

some small random perturbation.

STEP 2: Randomly select one of the coefficients of subbandl and present it to the net-

work.

STEP 3: Compute the distance between each weight and input coefficient, as follows:
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L,,i = fi twn,¡-I¡,r)

where v/n; is the nth weight of the codebook for subband,l, Irj is the kth wave-

let coefficient of subband j, Ân¡ is the change in the nth weightof the codebook

for subbandj, and f*,,, it proportional to the number of times the nthweight of

the codebook for subband j has won a competition in the past.

STEP 4: Select as the winner that output neuron whose weight Wnjo is closest to the

input coefficient.

w),¡= 
| {;"<*r+^,(w,,i- Ii,k)}

srEP 5: update the weight vector wnj" connected to the winner as follows:

Wn,,(new)= W,,,(otd) - 
# 

(Wn,j- I¡,r)
n,l

srEP 6: rf NTv = end-of-rraining (Eor) rhen srop; otherwise goro srEp 2.

2.6.4 Byte Packing Algorithm

Once the wavelet coefficients in each subband have been quantized and are repre-

sented by the FSCL codeword indices, the next step is to transmit the indices to the

receiver. Before they are actually transmitted, the codebooks and indices for each subband

are passed through the byte packing algorithm. The purpose of the byte packing algorithm

is to form a compact representation of the data to be transmitted to the receiver. The data

to be transmitted consists of a header followed by the frame data stream, which is shown
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in Fig. 13.

The header consists of the frame size, followed by the data of N codebooks. The

data representing each of the N codebooks consists of the number of codewords in that

codebook, followed by the actual normalized codewords. The number of codewords in a

codebook implies the bit-length of each codeword. The frame size indicates to the receiver

the value of N, the number of codebooks to expect. The number of subbands is equal to the

number of codebooks. Also, the frame size gives the number of coefficient indices per

subband.

Fig. 13. Frame data stream of the adaptive frequency sensitive wavelet
subband coder.

If the subband on/off bit is zero, then no data follows for that subband. This means

zero bits were allocated to this subband, due to the lack of energy. If the on/off bit is one,

then the next three bits identify which codebook should be used to decode the forthcoming

indices. After the three bit identifier, the peak values of the subband are transmitted, using

4-bytes for the positive peak, and 4-bytes for the negative peak. The codewords are nor-

malized amplitudes, so peak values are required. Following this, the codeword indices are

transmitted.

tr
End of
subband

End of
'Codeword indices frame

Codebook identifier (max/min)

Subband On/Off

-32-



2.7. Experiments and Results

Raw audio data contained in selected classical and pop music was copied from the

CD to the hard disk.

Experiments were run in order to determine the optimal frame size, where the opti-

mality was measured in terms of the amount of overhead that was required to encode a

frame. It was found that the larger the frame size, the smaller the required bit rate. This is

because the overhead, e.g., data required to represent the codebooks, decreases for

increasing frame size. For different frame sizes, the statistics of the audio samples will

vary, and so it is assumed that different codebooks will be required. The trade-off is the

resolution. If the statistics of the audio change very drastically within a large frame, then

the codebooks would yield larger quantization effor. Weighing these factors, a frame size

oflMwaschosen.

Having obtained the digital audio samples, the audio signal was then transformed

by the wavelet transform, and decomposed into wavelet subbands. Since the frame size is

1 M, there are N = 20 subbands. Since a dyadic scaling is used, there are 219 coefficients

in the Igth subband, 218 coefficients in the 18rfr subbatrd, ..., 21 coefficients in the ls/ sub-

band, and2r coefficients in the 0rå subband. Figure 14, Fig. 15, and Fig. 16 show the dis-

tribution of coefflcients in subbands 19, 18, and 17 of typical pop music.
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Frg. 14. Utilization of wavelet coefficients in band 19.
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The FSCL network trained on the coeffrcients of each subband separately, and

formed codebooks of different sizes, ranging from2,4, g, 16,32,64, r28, and,256 code-

words each. A good codebook size was found tobe 64.

Once the codebooks were learned, then the actual quantization took place. A coef-

ficient is quantized by rounding it off to the nearest codeword in the codebook for the sub-

band to which the coeffrcient belongs. This process is the lossy stage, because of the

incurred quantization enor.

After the lossy compression stage, the data was packed into bytes using the byte

packing algorithm developed for this application.

Finally, the data was passed through a post-processor for further reduction of

redundancy, due to the many coeff,cients being set to zero. An arithmetic entropy encoder

[WaFK93] was used to remove the redundancy.

Under this system, a bit rate of 150 kbps was required to achieve no perceptual

loss of quality for the selected classical and pop music, as shown in Fig. 17. The subjec-

tive evaluation as shown in Fig. 17 andincluding the "no perceptual loss of quality" state-

ment above is based on the judgement of this author and the participants at the numerous

demonstrations of the work to industry, government, other researchers, and the community

at large. These judgements are not formally obtained from mean opinion scores (MOS).

The objective evaluation was determine by measuring the SNR using the Euclidean met-

ric. As shown in Fig. L7,the SNR is very low. This is because the wavelet/Fscl coder is

based on maximizing the fitness of a human perceptual model. The fact that the Euclidean

based SNR is low, while the perceived quality is high demonstrates the inappropriateness

of conventional distortion metrics (in particular, the Euclidean metric) to measure per-

ceived features (in this case perceived error) ofsignals.
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Method Compression

Ratio

SNR Quality

(of 10)

Uniform 5:1 2r.5 6

p Law 5:1 21.5 l

LSQ 5.4:l 22.4 8

Original 1:1 10

Fig. 17. Typical experimental results applied to the selected music. The
subjective evaluation is not obtained from mean opinion scores (Mos).

2,8. Summary of Chapter 2

In summary, this chapter presents an adaptive wavelet subband coding of wide-

band audio. The coefflcients in the wavelet subbands are quantized using a scheme that

adapts to the subband signal by setting the quantization step size for a particular subband

to a size that is inversely proportional to the subband energy, and then, within a subband,

modifies the energy determined step size as inversely proportional to the amplitude proba-

bility density of the coefficient. The amplitude probability density of the coeffrcients in

each subband is modelled using learned scalar quantization employing frequency sensitive

competitive learning. The source data consists of 1-channel, 16-bit linear data sampled at

44.1kÍIzfrom a CD containing major classical and pop music. Preliminary results show a

bit-rate of 150 kbps, rather than 705.6 kbps, with no perceptual loss in quality.

38



The wavelet transform provides better results for representing multifractal signals,

such as wide band audio, than do other standard transforms, such as the Fourier transform.

This is because the wavelet transform offers a compromise in the resolution of time and

frequency. It provides good time localization of high frequency components of the wide

band audio signal, while maintaining good resolution of the global, low frequency compo-

nents. The wavelet transform provides an automatic signal decomposition that is compara-

ble with that of the cochlea filter. Furthermore, unlike other transforms, the wavelet

transform utilizes a basis function that is prototypical of the audio signal. The self-similar

nature and energy content of the scaled and translated wavelets in the time-frequency

plane resembles that of wide band audio, and it is this feature that makes the wavelet

transform a very good transform from the signal compression viewpoint.
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Cnnprnn 3

Image compression using Learned vector euantization

3.1. Introduction

The previous section of this thesis dealt with compressing the audio signal. An

equally important signal in multimedia is images. Communication via still images plays

an important role in the graphics and moving-images of multimedia. The use of images

drastically improves the communication of ideas. But, with this improvement comes a

very high price, data storage. For example, many universities, schools, and businesses

maintain a database in which information on people is stored. This database is typically in

the form of text only. If the database were enhanced with still images of head and shoulder

pictures of people, the cost of storing this data would be very high. For instance, a given

university stores records on approximately 25, 000 students a year. If an 8-bit 256x256

image were taken of each individual, this would require (25,000)(256x256) = r.63g4

GBytes of storage. Not only is the storage requirement large, but the cost of transmitting

this data is also high. Transmitting large amounts of data through low bit-rate channels

requires long periods of time. Finally, in this application, privacy and security are other

problems associated with uncompressed data. Data compression can provide a natural

-40-



source of data encryption.

Applications dealing with image identification do not require high quality. Human

beings can identify facialpatterns very effectively, even in noisy circumstances. Some

information in these images can be removed, while still maintaining sufficient quality for

identification.

There are many compression schemes available for data and signal compression. A

taxonomy of the major data and signal compression techniques is given in [Kins91].

When selecting a particular compression scheme, it is required to consider the type of sig-

nal that is to be compressed. Images are inherently imperfect data. That is, minor losses of

data (distortion or noise) in images are tolerable to the human eye. For example, it has

been established that we cannot distinguish brightness levels less than approximateLy 2To

of 8-bit resolution [Lehn91]. Furthermore, our perception plays a major role in our visual-

ization of the real world. When we observe images and store them in our memory, we are

most likely performing some kind of compression. If we did not do such compression, the

amount of data we would have to store in order to recall ordinary events would overflow

the memory capacity in our brains in a very short time.

Since images are imperfect data, we choose a lossy compression scheme. As a

result the decompressed image will have some degree of distortion. However, for the most

part, this distortion is irrelevant. Moreove¡ because of the inherent nature of the problem,

we would tend to choose a compression scheme that mimics the compression that is

involved in our, i.e., human, image processing system. This leads to a choice hereby called

image compression using learned vector quantization incorporating the use of an artif,cial

neural network (to mimic human signal compression).
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3.2. Vector Quantization

vector quantization is a non-uniform and many-to-one mapping, y of a vector

space, I{ into another vector space, ,S. Many elements of V are mapped into a single ele-

ment of S. In this way, the space V is partitioned into a number of regions equal to the

number of elements in S. There is a non-uniform number of elements of Vthat are

assigned to a region. Each region generally contains a different number of elements from

V The mapping is referred to as an equivalence relation. Many vectors are mapped into a

single region because they are equivalent in some sense. Information in V is removed in

the mapping, and as such, the mapping is a lossy compression technique.

As a consequence of choosing a lossy compression scheme (vector quantization),

we must consider the associated measurements of compression and distortion. The grey-

scale image is defined as an m rows by n columns array of 8-bit pixels. Thus, the uncom-

pressed image requires mnbytes of storage. The amount of compression of an image can

be measured by a compression ratio or a compression rate. The compression ratio (CR) is

defined as the number of pixels transmitted or stored divided by the actual number of pix-

els in the original image, as given by Eq. 3.

CR= Pixels transmitted
Original pixels

In other words, the compression ratio gives the memory savings in that it tells us the size

of the compressed file is CR (CR <= 1) times the original file. The compression rate (R) is

defined as the number of pixels in a vector divided into the number of bits required to rep-

resent that vector (bits/pixel, bpp), as given by Eq. 4. For example, if each original vector

consists of one byte and no compression is applied, i.e., the original file is transmitted

( o, CR = Original pixels .Pixels transmitted I rgl
\ -- Pixels transmitted' Pixels transmitted ) '-'
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through the communications channel unmodified, then the compression rate, R = 8.

o _ Bits required to represent vector
Pixels in a vector

The quality of an image can be evaluated through a subjective evaluation and an

objective evaluation. A conventional objective measure involves a peak signal-to-noise

ratio (PSNR), as given by Eq. 5, where MSE is def,ned as the point-wise Euclidean dis-

tance between original and reconstructed pixel.

(4)

PsNR = to,,s(#{E) (5)

Notice that the argument of the log function is the highest signal-to-noise ratio

possible, since the original signal is assumed to be at maximum brightness throughout,

thus the name peak signal-to-noise-ratio (PSNR). The PSNR reduces variability between

other experimenter's measurements. For example, two pairs of images (each consisting of

an original and a decompressed version) may have the same mean squared enor (MSE).

However, one of the original images may be brighter than the other, and this would give a

misleading,SNR.

The distortion measure is the cost of representing an image vector by a prototype

vector' While there are many conventional metrics that can be used, perhaps the best

choice is the Euclidean metric. When we view images, it is the intensity of the image that

conveys the information. Intensity is related to energy, and the Euclidean metric measures

energy. But the Euclidean metric can be deceiving sometimes. For these cases other meas-

ures can be taken [Kins91].

Having established the compression type and measurements of compression and

distortion, the next section discusses how images, image vectors, regions, and prototype

vectors apply to vector quantization.
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3,2.1 Image Vector Quantization (VQ)

There are three stages of image VQ, and they are prototype creation, image com-

pression and transmission, and image reception and decompression.

3.2.1.1 Prototype Creation

In the first step, the prototypes must be developed. Given an image, instead of rep-

resenting the image in terms of mby n pixels, group together an array of local pixels, and

call each ar.ray avector IV¡.The maximum value of I depends on the number of component

pixels q, chosen to comprise a vector. Call the set of all such vectors, V:

l/ - UVil i = 1,2,3, ..., mn/qj (6)

where,

IVi = {pyp2p3,...,pnl

The p1, p2, ..., pq are the 8-bit pixels chosen to comprise a vector.

Some of these vectors, IV, e \ will be similar in some sense. For example, many

vectors may be extracted from a uniform area of an image. A statisticatly similar feature

of these vectors may be very simply a correlation of their brightness levels, or it can be

some unknown statistic. This leads to the following idea. From the set, V thatcontains all

such vectors from a certain image, determine r (r ,< (mn) / q) fundamental features

exhibited by the set. Then, map each vector IV,,to a feature set on the basis that it most

closely exemplifies that feature.The smaller the number of features (i.e., smaller r), the

(7)
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greater is the compression. In other words, the set of vectors, I{ is partitioned into r dis-

tinct sets, S¡. Each subset, S¡, represents a certain fundamental feature, that is exhibited by

its member vectors.

The mapping from an image vector to a feature set is actually done by mapping the

image vector to a representative vector of the feature set. So, represent each subset, S¡, by

a representative, or a prototype vector, call it PV¡.The prototype vector, PV,, is chosen in

such a way as to optimally represent the image vectors, IV,,thathave been assigned to the

feature denoted by the feature set, ,S,. Note that this prototype vector may or may not be an

element of the set, ,S,. Due to this mapping, each of the vectors in subset, S¡, is rounded off

or quantized to a prototype vector. In other words, the assignment acts as a many-to-one

mapping.

The set of prototype vectors constitutes the codebook. For every feature, there is a

prototype vector. This codebook contains r vectors, each of which has an address,

(1,2, ..., r). Because the number of selected features is much smaller than the number of

vectors in the image, the number of bits required to represent the address of a prototype

vector is much smaller than the number of bits required to represent an image vector.

For example, Fig. 18 shows the scheme that is used in this section of the thesis.

The image vectors are chosen as square blocks, where each block consists o14x4 pixels.

Theoretically, these vectors are represented by points in an image vector space. This space

is then segmented into 256 feature sets, or feature regions. For each feature set, a proto-

type vector is determined, and this prototype vector represents the feature. All256 proto-

type vectors are collected into a prototype table. The prototype vectors are also called

codewords, and the prototype table is called a codebook.
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3.2.1.2 Image Compression

Now that the prototype vectors have been determined, the second step of VQ con-

sists of image compression and transmission. Each vector in the original image is com-

pared one-at-a-time to each of the prototype vectors in the codebook. The prototype that

most closely resembles the input vector is selected, and its address is transmitted through

the channel. A sequence of mn"/q (ï-bit) addresses is transmitted, because there are mn/q

vectors in the image. Thus, the original image consisting of mn pixels is represented by

8mn/q bits rather than &mn bits. The compression ratio is q. The codebook is resident at

both the transmitter and receiver.

3.2.1.3 Image Decompression

The final step of Vp consists of receiving the compressed image, i.e., a sequence

of mn/q addresses, and decompressing it. Each of the mn/q addresses is used as a pointer

to look up the codeword in the codebook. The sequence of these prototype vectors is used

to reconstruct the image.

Continuing the example of Fig. 18, Fig. 19 shows the compression, transmission,

and decompression of an image. Since each image vector consists of 128-bits (q=16

implies (= ) 16x8 = 128 bits), and since only 8-bits are required to represent an address of

a prototype vector (256 selected features), this represents a compression ratio of 16-to-1

(16:1). Note, that the codebook must be transmitted to the receiver also, but this is rela-

tively small overhead in comparison to the number of indices that are transmitted.
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Fig. 19. Example of image vQ compression, transmission, and decom-
pression.

Note that the decompression at the receiving station does not undo exactly the

compression performed at the transmitter. This is because of the many-to-one mapping.

For each feature represented by set, S¡, there accumulates an error equivalent to the sum of

the differences between the exemplar image vectors belonging to set, S¡, and the prototype

vector' The total error for the entire image is the sum of all feature set effors. This error is

called round off erro¡ reconstruction error, or distortion. One of the main objectives in

vector quantization is to use a codebook that minimizes the relevanl distortion.

This is more easily said than done, because the equivalence relation is unknown.

What equivalence relation should be used in partitioning the image vector space and to
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create the prototypes? One way of answering this question is by determining the full sta-

tistical properties of the input image. However, these statistics are generally not known.

This work deals with compressing head and shoulder images of people. 'We 
cannot possi-

bly obtain all images of people that have occupied this planet since day one. Therefore, we

cannot obtain exact statistics. Even if we were to find a statistical property correlating or

clustering the vectors of an image in some sense, we are not guaranteed that this properfy

is similar to one of the, perhaps, many properties we use when we perform image identifi-

cation and compression. But this is the ultimate goal. We are trying to discover the fea-

tures we use when we try to identify images. In this section of the thesis, an artificial

neural network (A¡/1Ð is applied to the task of prototype determination, as discussed in the

next section.

3.2.2 Learning Prototypes using Competitive ANNs

The prototypes in vector quantization can be learnedby competitive learning (CL)

artif,cial neural networks. There are a few variations of competitive learning networks,

each of which has evolved as a result of a basic problem associated with the fundamental

competitive learning network [Kins9l], IAKCM9OI, [McAR9O], [NaFegg], [TrMe9O].

The most basic of these variations is hard competitive Learning (cr).

3.2.2.1 UnderutilizationofPrototypes

The basic problem associated with CL is underutilization of prototypes. This

means, once learning is complete, some codebook vectors are used very little by the input
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image vectors. Now, if a so-called prototype is used but once in quantizing an image, we

would most likely not notice its presence in the image. Furthermore, if a codebook vector

is used very little, then it hardly fits the definition of a prototype, that being a vector that is

representative of many patterns in an input image space. In this case the network is dis-

criminating too much. The under-utilized prototype is most likely specif,c to a certain

image, not a common feature of many images. This is not very efficient use of the code-

book.

3.2.2.2 SolutionstoUnderutilization

There are solutions to the underutilization problem. These solutions range from

soft competitive learning[YaZG92], growing and pruning competitive networks, fre-

quency sensitive competitive learning (FSCL) [AKCM90], and Kohonen's self-organiz-

ing-feature -map (S O F 14) [Koho90].

Growing and pruning competitive networks dynamically (while learning) either (i)

remove all of the codewords that have a utilization frequency less than some threshold,

say one, and/or (ii) add codewords when the current codewords become over-utilized,

again with respect to some threshold.'When removing units, this means that the size of the

codebook would decrease, the compression ratio would increase, and we would, perhaps,

not even notice a change in the resulting quality. Over all, the codebook becomes more

efficiently utilized.

Another solution is to incorporate a constraint into the network that ensures all

vectors in the codebook are being used equally and uniformly. This can be implemented

by decreasing the probability that a currently frequent winner neuron wins in the future by
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weighting its subsequent metric calculations with a parameter reflecting the number of

times it had won a decision in the past. This would tend to ensure that when an image is

decompressed, all codebook vectors would be used with about the same frequency, so that

the codebook can be said to be efflcient in the utilization sense. This type of learning in

known as frequency sensitive competitive learning (FSCL). FSCLuses a frequency of

winning parameter in the similarity metric. This decreases the probability that afrequently

winning neuron will win a competition in a future presentation of an image vector, and so

increases the probability that a not so frequently winning neuron will win a competition.

Yet another solution is Kohonen's self-organizing-feature-map (SOFW. SOFM

addresses the underutilization problem.The SOFM network uses the idea of a neighbor-

hood. One main difference between FSCL and SOFM is that the neighborhood method

induces an organization in the output neuron space, while FSCLhas no such organization.

Since all of the above network structures are basically equivalent, except for the

frequency sensitivity and neighborhood additions, only a detailed description of the

SOFM is given here.
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3.2.3 SOFM Competitive Learning

Figure 20 shows a2-D structure of the SOFM neural network.

The input layer consists of 16 neurons, each of which has 8-bit resolution. These

are the nodes through which the 8-bit image pixels are input. The input layer is connected

to each output neuron through a weight vector. Thus, each output neuron has 16 weights

connected to it. Each output neuron has a topological address, ranging from 0 to 255.Each

oo oo
o ,no.. Output Layer /il\

ooo ///illl\\ 3.oo ///illlll\\\ oo

Feature Space
Finite (256)

Output
Neuron 0

2_D
Self-Organizing

256 Output Neurons

Output Neuron 255

256 Features

Many Features

256 Prototype Vectors:
Each Consisting of Sixteen

8-Bit WeightsPrototype
Number 0

16 Node Input Layer

Sixteen 8-Bit

Fig. 20. 2-D structure of the competitive learning network for images.

-52-



weight vector will train to become a prototype for a particular feature that is to be

extracted from the image training data. The weight vectors are connected to pixels in the

feature space. The weight vectors and the feature vectors disptaying them have the same

dimension as the image vectors. Each of the256 blocks in the feature layer is connected to

an output neuron having an 8-bit address. There can be many images presented as training

data, and, therefore, there can be many features in the input image space. There is a finite

number (256 in this case) of features in the feature space. Therefore, the many features of

the input are quantizedto 256 features. These 256 features are learned.

The SOFM is trained using a sequence of image vectors. Each vector consists of

sixteen 8-bit pixels extracted from a square block of the image, as shown in the bottom of

Fig.20. During each presentation of an input vector, each weight vector is compared with

the input image vector, and one winner is chosen based on a similarity measure, i.e., the

winner is the weight vector which most closely resembles the input vector. The winner

weight vector along with its currently defined neighborhood become active. The winner's

neighborhood is the set of weight vectors within the currently defined neighborhood. In

this case the neighborhood would be a larger block encompassing the winner weight vec-

tor. The winner weight vector and the neighborhood weight vectors are updated by bring-

ing their 8-bit values closer to the 8-bit value of the input vector. The winner weight vector

is updated with a larger learning rate, and the neighborhood weight vectors are updated

with a learning rate that is inversely proportional to their topological distance (i.e., their

difference in addresses) from the winner weight vector.

Many such input vectors are presented, and a coffesponding number of updates are

made to the weights. Because there are far more input vectors than weight vectors, the

weight vectors cannot satisfy all of the input vectors. Rather, the network is forced to
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extract higher order dimensional features of the input image. For each feature that is

extracted, for each set of input vectors that are associated with a feature, the network

learns a weight vector, i.e., the prototype of that feature.

Notice that the feature extraction is done in an organizedway,because neighbor-

hoods of the 2-D map are similar. All input vectors the network deems similar, i.e.,

belonging to the same feature, will activate a certain localized pofion of the map to a

smooth degree of belongingness.

3.2.4 SOFM Algorithm

The following steps give a detailed description of the training procedure of the

SOFM algorithm:

STEP 1: Initialize each weight in the weight matrix to the mean value of the pixels in

the image plus some small random perturbation, Rp.

STEP 2: Segment the image into 4x4 pixel square anays and call each avector of 16

pixels (elements). Randomly select one of the mn/16 vectors and present it to

the network. The number of training vectors @fV) is a count of the number of

training vectors that have been currently presented.

Alternatively, select a random number and use this as an index for forming a

square vector from the input image. There are mn such vectors. Present this

vector to the network. (This work implements the former method.)

STEP 3: Compute the distance between each weight vector and input vector, as follows:
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t6

dz = Z gv,-*,,)', fori= l, ...,256
i= I

where IV¡ is the lth pixel in the input vector, and wu is the connection strength

impinging the jth output neuron and originating from the lth input pixel . w¡ is

the weight vector connecting the input vector, Il to tbe jth output neuron.

sTEP 4: Select as the Winner that output neuron whose weight vector w.;* is closest to

the input vector (1Il).

.*.= min I 16 
' 
2l*i- 

1<¡ 1zsat,ì ,tn -*,)'l

STEP 5: Update the weight vector w¡* connected to the Winner and the weight vectors

connected to the neighborhood neurons of the winner as follows:

w,,(new)= w,,(old) + u(n, NTn o eV¡(t) - w,,(old))

The learning rate function u(n, NTV) depends on both the (neighborhood)

physical displacement of a neuron (n) in the 2-D surface from the Winner and

the number of training vectors (Ni.n presented so far. The w¡ is the weight

vector connected to neuron r¿.

STEP 6: Update the neighborhood function as shown in Fig. 21. This update should be

applied to both horizontal and vertical directions with the winner as the central

point. lf NTV = end-of-training (EOT) then stop; otherwise goto STEP 2.
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Fig.2l. Learning rate (cr) as a function of neighborhood (n) and input vec-
tor (NTV).

3.2.5 Termination of TFaining

Notice that the above algorithm continues iteration until EOT, which is defined as

a pre-specif,ed number of presentations of image vectors. Kohonen has shown that the

algorithm converges, but parameters governing the rate of convergence are not well

understood. A way of determining the EOT could be to temporarily stop training at some

point, and measure the total distortion. This would require performing the entire compres-

sion of the image and its decompression to measure the total distortion. If the total distor-

tion is above a designed th¡eshold, then training resumes, until at some other point when

the calculation of the total distortion is below the threshold. But this would require prohib-

itively too much time. For example, a5l2x5l2 images requires (5I2x512/16)x256 com-
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pares for a codebook of 256 prototypes. On a SPARC Station 2, this requires about 5

minutes of computing time.

A better way of determining approximately the total distortion is to take advantage

of the training cycle. In the training cycle, distortions are already being calculated in order

to determine the winner. We can choose a window whose width is equal to the number of

vectors in the image. In this window the approximate total distortion is given by the sum

of the distortions of a sequence of training vectors. Note that this does not give the exact

total distortion, because the training vectors are presented randomly and the weight vec-

tors continue to change.

3.3. SystemDescription

The HCL, SCL, FSCL, and SOFM competitive learning neural networks were

implemented in software on a SPARC 2 workstation incorporating a graphical user inter-

face (GUI). The programs for the learning, compressing, decompressing, and other utili-

ties were written in the C language, and the GUI was written using the XVIEW interface.

Figure 22 shows the main window of the application. The left hand side displays the orig-

inal image used for extracting vectors for training, or for quantizing, while the right hand

side shows the quantized image. The rectangular image in the middle of the window

shows the pixel values of the prototypes. The two small boxes between the original image

and the quantized image represent scaled versions of the currently extracted image vector

from the original image, and the winner prototype extracted from the prototype rectangle,

respectively.

-57 -



I

(t
oo

I

Fig.22- Main window in the GUI for learning vector quantization of images. Training of the Lena image is in
progress. The small white square on the lower shoulder of Lena (left image) represents the location of the ran-
domly extracted vector. This vector is displayed in the 4x4 image on the right hand side of the Lena image. In the
center image, the best matching unit is located in the codebook image. This best matching unit is displayed in the
4x4 image on the right hand side of the codebook image. This best matching unit is used to reconstruct the Lena
image.



There are basically three modes of operation,learning, quantizing, and decompres-

sion. However, decompression is incorporated as the last stage of both learning and quan-

tizing. So, in the application, there are only two modes, learning and quantizing. In the

learning mode, a 4x4 pixel square image vector is randomly extracted from the original

image, and a scaled version is displayed in the left small box. This vector is then compared

against all of the prototypes in the codebook. The winner prototype is determined, and it,

as well as its neighborhood, are updated according to the algorithm described above. A

scaled version of the winner neuron is displayed in the right small box. The prototype vec-

tor then is placed into the quantized image square at the same relative position from which

the original image vector was extracted. This procedure is continued until atl of the

number of training cycles (epochs) are completed. During training the progressive nature

of the learning is graphically displayed.

Various network parameters may be selected through the Configuratíon dialog

panel. For example, 1-D and2-D topology, the learning rate, winner threshold, number of

training cycles, initial neighborhood can all be specified at the start of or during training.

For educational purposes, the learning speed, the display frequency, and the quan-

tization speed can be controlled through the Disptay control panel. For example, the self

organization ofthe codebook can be visually observed atany speed, from single stepping

to full speed. This shows the dynamic behaviour of the network. One can study the effects

of different neighborhood reduction schemes, and of different learning rate schedules. The

coarse tuning and fine tuning of the prototypes is obviously evident. Also, one can see the

difference between the codebooks formed by FSCL and SOFM, the former being random,

while the latter being a smooth transition of energy.
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Fig.23. Main window in the GUI for learning vector quantization of images.
Quantization of the baboon image using Lena's codebook is in progress.



Once the network has learned on some training image, then other non-training

images may be opened for quantization. For example, Fig. 23, shows the baboon being

quantized with Lena's prototypes.

With some theory of competitive learning networks discussed, and an application

in which they may be implemented built, the next section discusses the experiments.

3.4. Experiments

The experiments part of this section of the thesis is intended to empirically sub-

stantiate and provide motivation for the ideas and methods described in the algorithmic

description of the LVQ technique. The results are judged based on both objective and sub-

jective criteria. The first experiment is aimed to establish validity of the procedure. The

next experiment establishes a base level quantizer from which other quantizers can be

judged. This is followed by discrimination and generalization experiments.

3.4.1 Memorization

If the size of the codebook of prototype vectors is exactly equal to the size of the

original image, then it is reasonable to expect any compression algorithm to converge and

be capable of reproducing the image exactly, i.e., reproduce the image exactly with no dis-

tortion. To show this, a 64x64x8 image (i.e.,64x64 pixel image, each pixel containing one

of 256 grey levels) is learned by the codebook with a pixel size of 64x64x8. Each of the

642116 input image vectors consists of 16 pixels. Each vector is extracted from the image

as a square array of 4x4 pixels. Each vector is presented once to the network; i.e., so that
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there are exactly 642/16 presentations. The neighborhood is set to one. This type of learn-

ing is called hard competitive learning.

Since each winner weight vector is updated with a learning rate of 1.0, it exactly

equals the input vector after being updated. The 8-bit address of this weight vector is

transmitted. There are 642/16 such addresses. Therefore, the resulting compression ratio is

642116:642/16 or 1:1, and the compression rate is 8/16 = 0.5. The PSNR is infinite, i.e., the

mean squared error is zero. The codebook has memorizedthe original image.

3.4.2 Linear Vector Quantization

'When 
the size of the codebook is smaller than the original image, it is reasonable

to assume that distortion will be produced. The smaller the codebook the greater the

amount of distortion. This is because the mapping from the original image to the code-

book is many-to-one, and the many variable becomes increasingly larger for smaller code-

books. Hence, a main objective of any compression scheme is to minimize the distortion

for a given compression ratio. To this end, it is useful to introduce a compression algo-

rithm (i.e., a mapping) that utilizes the most straight forward, simplest, and fastest com-

pression. While this primitive compression scheme does not produce very good results, it

represents a starting point from which other techniques can be judged.

Perhaps one of the simplest many-to-one compression algorithms is the linear vec-

tor quantizer. The linear vector quantizer maps much like the linear scalar quantizer. In the

linear scalar quantizer, each continuous analog sample ranging in value from -Vto +Vis

quantized to a discrete digital number. We may say that the real signal is rounded off to the

nearest integer determined by the resolution. In linear vector quantization, an entire vector
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consisting of generally different valued components is rounded off to a nearest vector con-

sisting of equal valued components.

In particular, a codebook of size 256x8 is generated by assigning a number

between 0 and 255 to the 256 vectors. Each vector consists of 16 pixels, each of which

take on the grey level assigned to the vector, as shown in Table 1. This codebook is used to

compress a 5l2x572x8 image of Lena (Fig. 36). Each extracted vector of 16 pixels from

the original image is compared in the Euclidean distance sense to all vectors of the code-

book. The index of the codebook vector most similar to the input vector is saved to a file.

The compressed image is decompressed by a simple look up procedure, and the result is

shown in Fig. 37.

The resulting image achieves a PSNR of 25.9db. Observing both images, it is

noted that the smallest unit in the original image of Lena is a pixel (i.e., one 8-bit grey

level), while the smallest building block of the decompressed image is a 4x4 pixel square.

All smooth and uniform areas of the original image are mapped quite well in the decom-

pressed image, while sharp lines and edges are approximated by a staircase function

(coarse). This leads to a reasonable suggestion that this method would perhaps be best

suited for large images that do not have too many sharp lines or edges. This does not

include a wide variety of images. However, while this method has its definite limitations,

its usefulness is the establishment of a starting point from which Kohonen's self organiz-

ing feature map of learning the codebook for vector quantization may be judged.
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Vector Values of the 16 pixels

0 (0,0,0, ... ,0)

I (1,1,1,...,1)

255 (255, 255, 255, ..., 255)

Table 1: Linear vector quantizer.

3.4.3 Codebook Learning Fine Ttrning

From the starting point estabtished above (i.e., PSNR =25.9db) several experi-

ments applying Kohonen's self organizing map to learn the codebook were performed.

These experiments start from the simplest description of the procedure as described by

Kohonen [Koho9O] and continue by adding complexity in the form of modifying system

parameters with the objective of improving the PSNR. The goal of this part of the experi-

ments is to change certain system parameters and study how these changes affect the per-

formance. This thesis examines three such system parameters, the learning rate,

neighborhood, and number of training cycles (epochs).

3.4.3.1 Learning Rate

In this thesis the learning rate function of Kohonen's SOFM depends on two varia-

bles, namely, the number of vectors presented ,k, andthe neighborhood, n. The shape of the

learning rate as a function of the neighborho od, n, with Æ held constant, represents short

time learning or a nested learning rate. For each vector presented, each weight vector that is
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to be updated is done so with this nested learning rate function. The most basic way of

doing this is as previously shown in Fig. 2I, i.e., by updating all weight vectors connected

to the neurons in the neighborhood by an equal amount. Alternatively, it seems reasonable

and intuitive to assume that each weight vector associated with the neurons in the currently

defined neighborhood should be updated in such away as to reflect their distance from the

winner neuron. In other words, the weight vector connected to the winner neuron should be

updated with the maximum learning rate, while the weight vectors connected to neurons

that are increasingly farther away from the winner neuron should be updated by propor-

tionally decreasing amounts. The motivation for this idea is in part biological, i.e., in bio-

logical neural signals, when a central neuron is active, the weights connected to the

neighboring neurons are affected by a characteristic function known as a Mexican hat. This

decreasing learning rate as a function of the distance from the winner neuron can be mod-

elled in different ways. In this work, three nested learning rate schedules are compared.

As already mentioned the first learning rate function implemented is the nested step

function. In this scheme, after each input vector presentation, the same learning rate is

applied to the winner and to all of the neurons in the currently defined neighborhood.

The second variation to the nested learning rate function is the linear decrease. In

this scheme, the farther away a neighborhood neuron is located from the winner neuron the

lower is its learning rate. In particular, the learning rate of a neighborhood neuron varies as

a linear decrease of topological distance from the winner neuron.

Finally, the third variation to the nested learning rate is a Mexican hat (approxi-

mated) decrease from the winner neuron. This function is somewhat of a compromise

between the step and the linear functions. For example, the learning rate decreases slowly

near the winner neuron, very much more so than the linear case. However, near the edge of
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the neighborhood, the learning rate decreases very rapidly, very much more so than the lin-

ear case.

The above three learning rate functions are implemented in learning the codebook

for a5I2x512x8 image of Lena, as shown in Fig. 36. The results are tabulated in Table 2.

Note the consistent improvement of PSNR down each column (i.e., with increasing number

of training vectors) and across each row from left to right (i.e., with the type of learning,

namely, step, linear, and Mexican hat).

Table 2: Nested learning rate optimization. Variables:
Initial training vectors (ITV), total training vectors
(TTV), execution time (XTime). Training consists of 1

epoch and a linearly decreasing neighborhood.

3.4.3.2 Neighborhood

In the previous description of the learning rate functions, the neighborhood func-

tion decreases linearly with the number of vectors presented. During the early stages of

learning, when the number of vectors presented is less than the total number of vectors to

be presented and the learning rate is large, the neighborhood should be large, since this is

when each of the256 weight vectors establishes a rough location in the feature map. Later

on in training, when the learning rate is small, the neighborhood should decrease, because

#rtv #TTV XTime
(min)

Step
(dB)

Linear
(dB)

Hat
(dB)

2048 2048 I/8 25.96 26.27 26.54

4096 4096 r/4 26.04 26.62 26.9t

8r92 8t92 r/2 26.49 27.21 27.94

r6384 r6384 I 27.14 27.61 27.7t

32768 32768 2 21.44 28.10 28.21
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this is when f,ne tuning of the coarse map occurs. Since the fine tuning period is longer

than the coarse formation, the neighborhood should decrease faster during fine tuning.

Rather than a linear decrease, others, such as quadratic, cubic, and exponential decreases

may be evaluated.

Table 3 shows the effect of using a cubic decrease in the neighborhood. The results

should be compared with Table 2, since the change from linear to cubic neighborhood

decrease is the only difference between the two experiments. Note the consistent

improvement in the PSNR, point for point as compared with the results shown in Table 2

Table 3: Nested learning rate optimization. Variables:
Initial training vectors (ITV), total training vectors
(TTV), execution time (XTime). Training consists of I
epoch and a cubicly decreasing neighborhood.

3.4.3.3 Epochs

Another method can be used to increase the convergence rate of learning the code-

book and to improve the PSNR. In the previous experiments, the Ve algorithm is imple-

mented once, i.e.; learning is complete when the predefined number of vectors have been

presented to the network. The predefined number of vectors constitutes a training cycle or

epoch. Note that learning begins with the initial learning rate, final learning, and neighbor-

# ITV # TTV XTime
(min)

Step
(dB)

Linear
(dB)

Hat
(dB)

2048 2048 r/8 27.50 27.80 27.89

4096 4096 U4 28.10 28.24 28.35

8192 8r92 t/2 28.4t 28.59 28.68

16384 16384 1 28.11 28.83 28.95

32768 32168 2 28.80 28.92 29.05
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hood parameters set as follows: initlr = r.0,finlr = 0.5, initnei = 128, and,finnei = 0,

respectively. More than one epoch can be apptied with the learning rate and neighborhood

parameters scaled down at the beginning of each subsequent epoch. In these experiments,

initlr andfinlr are scaled down by a factor of 1.25 and initnei andfinnei are scaled down

by a factor of 2.0. Recall that at the start of learning, the network establishes a coarse map,

and near the end of a training cycle, the network fine tunes the feature map. By introduc-

ing another training cycle, this forces the network to perform coarse map formation after

the fine tuning process of the previous epoch, and this is followed by another fine tuning,

both done with scaled down parameters. For example, Fig. 24 shows a learning rate func-

tion over 7 epochs. The initlr at the beginning of the 6th epoch is 0.13 or Il(6x1.25).

Cubic Decrease
in the Neighborhood

a)Ð
(d

ú
bo

¡<

oJ tart of Neighborhood Width

Fig.24. Seven epoch learning. (7 epoch; 4064 TTVs; N3; 2g.g2db.)

Note that at the start of each epoch the error increases, since coarse tuning is done

after fine tuning. This is shown in Fig. 25, which shows a sliding error window over every
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NlVvector presentations. Increases in error can be seen at the beginning ofeach epoch,

when the number of vectors presented is 1024,3072,7169,15360, 31744, and64512.

cô

X
l-{oL¡rr!

200

180

100

80
20 40 60 80 100 120

Number of Training Vectors (x103)

Fig.25. E*or window. (7 epoch; 325l2TTVs; N3;MexHat;29.74db.

Learning over multiple epochs, forces the network to reach a lower local minimum

faster. Consider observing sugar in a sugar bowl. We see sugar particles at rest in some

position that is not the lowest possible energy state. They have attained this position as a

result of a compromise between energy and entropy of the system. Entropy may be char-

acterized as a state of a system where a large population of elements are located, even if
this location does not represent the lowest possible energy. This location represents one of

the many local minima of the system. When we tap the sugar bowl, we inject energy into

the system, and this allows the sugar particles to escape the current local minimum and

reach another minimum which is lower than the previous. Much in the same way, the min-

imum achieved by the VQ network after completion of a training cycle may be a local

minimum' In order to move the system out of this local minimum, one possible method is

to force it to perform coarse tuning of the feature map again, by suddenly increasing the
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neighborhood and learning rate. This injects energy into the system, and gives the system

momentum to escape the current local minimum. Once escaped, the network performs fine

tuning of the map once again and another local minimum is reached. This repeats for each

subsequent epoch.

Table 4 shows the results after training the codebook using 7 epochs. This table

should be compared with Table 2, since the number of epochs is the only difference

between the two experiments. Note the consistent improvement in the PSNR as compared

with Table 2. However, note also in Table 3 that the type of nested learning rate function is

PSNR insignificant (read across each row) as the number of epochs increases. In fact, the

linear learning rate function yields the best results for epoch number i.Thereason for this

is that all three functions tend to approximate impulse functions centred at the winner neu-

ron as the number of epochs increases and the initial neighborhood and initial learning rate

diminish. While these functions start out with different character, they end up looking the

same. Thus, different learning rate functions give different convergence rates for small

number of epochs, but these differences vanish for large number of epochs.

Table 4: Neighborhood function optimization. variables: Initial training
vectors (ITV), total training vectors (TTV), execution time (Time).

# ITV # TTV XTime
(min)

Step
(dB)

Linear
(dB)

Hat
(dB)

T6 2032 U8 27.50 21.61 28.99

32 4064 t/4 28.28 28.51 28.48

64 8 128 r/2 28.41 29.91 28.99

128 16256 1 29.36 29.65 29.51

256 325t2 2 29.75 29.84 29.14

5t2 65024 4 29.96 30.10 29.93

ro24 130048 8 30.1 1 30.16 30.13

2048 260096 I6 30.t7 30.23 30.18
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The 7-epoch version can also be compared with the single epoch version by

observing Fig.26, which shows the error window for both systems under similar condi-

tions. Note that the coarse formation of the map is done much faster (greater slope) and

reaches a lower error in the 7 epoch version. As a result, fine tuning begins at a lower error

than in the single epoch version and, therefore, the system reaches an overall lower local

minimum.

700

600

co

X
Lr
o
¡<
L.
rIl

200

100 I

0 20 40 60 ro róo tE-
Number of Training Vectors (x103)

\

I 7 Epoch (29.74 dB)

\ -/ I EPoch (29.05 dB)
t5

\, \

Fig. 26. 7-versus l-epoch error window. (32512 rrvs; N3; MexHat;
29.74db.)

3.4.4 Codebook Analysis

Having optimized learning of the codebook, a next step is to analyze how the

codebook maps the features of the image. Figure 27 displays an image of the codebook

along with the energy distribution.

As mentioned earlier, the output neurons can be organized onto a one-dimensional
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topology (ring). The image in Fig. 27 shows the brightness distribution of the weight vec-

tors connected to the output neurons in the ring. There arc 256 weight vectors each con-

sisting of a 4x4 square anay of pixels. Note that the two ends of the image should be

connected to each other in order to form the circular ring. Note also that the envelope of

the energy is a smooth function of the weight vector index, i.e., the location of the output

neuron in the ring. Weight vectors with similar energy, i.e., similar mean brightness levels,

are clustered in sets whose boundaries are fuzzy and continuous. The weight vectors are

mapped in this way onto the ring because of the Euclidean metric used in determining the

winner neuron and because of the chosen one-dimension topology (ring) of the output.

Other methods of organizing the features onto a map are possible, and the visual display of

a such a codebook would be different than the one displayed in Fig. 21.For example, we

could apply the Euclidean distance metric in determining the winner, and we could use the

a two-dimensional grid to define the organization of the feature map. In this case, we

would expect the mean brightness levels to be mapped in a smooth two-dimensional func-

tion.
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200 255

and energy distri-Fig.27 . Grey scale representation of the codebook (top),
bution (bottom).

3.4.5 Generalization

Having optimized learning of the codebook for a specific image (i.e., Lena) and

studied how the codebook maps features, the next question that should be asked is: How

well does the codebook perform in quantizing other similar images? This question relates

to the concept of generalization in artificial neural networks. The initial intention in learn-

ing a codebook for vector quantization is that the codebook vectors learn to represent

higher order statistics of the original image. Our assumption is that these higher order sta-

tistics are not only characteristic of the original image, but they also characterize other

similar images. The term similar is afuzzy concept. However, with respect to this work,

similar images mean a collection of head and shoulder images of people.
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There are two types of generalization in learned vector quantization, autoassocia-

tive and heteroassociative. In autoassociative generalization, there is a great degree of

resemblance between the test data and the training data. For example, in the application of

interest, the test data consists of very simitar head and shoulder pictures of people. In het-

eroassociative generalization, the resemblance may be very weak, or none.

3.4.5.1, AutoassociativeVectorQuantization

The measurement of the degree of generalizationis not straight forward since gen-

eralization is also afuzzy concept. However, it can be judged by both a subjective and

objective evaluation. We tend to characterize a codebook's ability to quantize images that

it has not been trained on by visually comparing the original image with the decompressed

image while noting the PSNR of the decompressed image. There are other factors that can

be taken into consideration. For example, we can determine the signif,cance of the correla-

tion of the histograms between the trained image and the test images.

Figure 28 shows the concept of learning higher order features from a representa-

tive database of images. The neural network is presented with vectors from a large data

base of similar type head and shoulder images of people. As such there are very many fea-

tures in the data base. However, the neural network is forced to extract 256 ofthe most

important features that are in common with all of the images in the training data base.

After training on this data base, the neural network is presented with images it has not

seen during training. If the new image is similar to the type of images in the data base,

then the neural network generalizes well on the new image because our assumption is that

the network knows the most important features from the representative data base.
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3.4.5.1.1 The Competitive Learning Neural Network painter

One can think of the neural network in Fig. 28 as apainter of head and shoulder

images of people. The images at the top of the figure are its training images. The box in

the centre is its palette. The painter learns how to paint the images by training over and

over on a representative database. During training, the painter determines an optimal and

finite (256) palette of 4x4 blocks of pixels of which to use to paint (reconstruct) the

images. If the painter had an unlimited palette, then all of the shapes in all of the images

from the data base could be reconstructed perfectly. But, the painter is forced to learn to

paint the images in the database with a finite palette, consisting of 256 4x4 blocks of pix-

els. The important point is the driving force that tells the painter what 4x4 blocks are the

important ones. This driving force should be similar to the one we use when we perform

the reconstruction of images of people in our minds.
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Image Database

.Vector Quantization

.Search for Best
Matching Unit.

.Codebook

.Feature Set

.Prototype Vectors

.Features Vectors

.Codewords

To demonstrate the effectiveness of the artificial neural network painter, a worst

case situation is chosen. Instead of learning on a large data base, the neural network is

Breakdown into Image Vectors

Fig. 28. conceptual block diagram showing learned vector quantization.
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trained on one representative image. The artificial painter is then tested on other similar

type images it has not seen. Figures 39-49 show originals and quantized versions using the

30.35db codebook trained using the 512x512x8L-enaoriginal (Fig. 36). Overall, Lena's

codebook performed well on these images, but there are some interesting characteristics

that can be pointed out.

Lori (Fig. 39, Fig. 40) achieves a PSNR of 31.6db, which is slighrly higher rhan

that achieved by the training image (Lena: 30.35db). We would not expect this unless the

test image is a very close subset of the training image and contains more of the same type

of redundancy that is contained in the original image. Indeed, in the image of Lori, we see

that there exists a greater amount of the same type of redundancy as in the image of Lena.

For example, Lori's hat is mostly dark black. This dark black shape can be constructed

exactly using a prototype vector extracted from the curved frame of the mirror in Lena's

image. Similarly, the background in Lori's image appears to consist of one uniform grey

level, whose prototype can be extracted from Lena's image. Also note, that Lori's earring

decompresses quite well considering that Lena contains no similar macro object. Finally,

note that the nail polish on Lori's finger nails has lost its original grey level.

3.4.5.2 HeteroassociativeVectoreuantization

Lena's 30.35db codebook can be tested on different type images. For example,

using Lena's 30.35db codebook, the Renoit painting (Fig. 45, Fig. a6) achieved a pSNR of

24.7db. While the image is recognizable to some extent, there are many details lost. The

detailed design on the child's dress (neck, breast, and sleeve) has been lost; only faint rem-

nants of the articulate design remain. The artist must have intended to rely on our percep-
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tion of such shapes in order to coÍirnunicate the image to us. As can be seen, such

perception influenced images do not compress well using a compression scheme that does

not take human perception into consideration. Finally, notice that the white boundary of

the painting could not be reconstructed. Examining the original image, Lena, we cannot

find a 4x4 pixel square, all of whose pixels have a 255 grey level.

3.4.5.3 Beauty and the Beast

In studying image compression algorithms, it is interesting to determine the limit

of generalization. Figure 48 shows the decompressed image of the Baboon image, quan-

tized using Lena's 31.74db codebook. Lena's 3I.74db codebook is the codebook learned

from the Lena 5l2x5I2x8 image.

Figure 49 shows the decompressed image of the Lena image, quantized using the

Baboon's 26db codebook. The Baboon's 26db codebook is the codebook learned from the

Baboon 5I2x5l2x8 image. Note that the Baboon's reconstruction of Lena produced about

the same PSNR as that achieved by the linear vector quantizer, our starting point.

The reader should judge the resulting quality in these decompressed images, and,

furthermore, determine the implications of such intermixing of prototypes.

3.4.6 Histogram Indicator Ín Generalization performance

The degree of generalization of images can be ascertained through an objective

and subjective examination, as done above. However, an interesting question could be

asked: Given a codebook trained on a certain image, can the suitability of quantizing other
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images be determined through a correlation between the histograms of the original image

and the image to be compressed?

In general, the answer is no. To show this, a new image can be formed by rand-

omizing the pixels of the 5l2x5l2x8 image of Lena. This new image still consists of

exactly the same grey level distribution of Lena.'When quantized, the decompressed

image achieves a PSNR of only 17db. This shows that the VQ method extracts the fea-

tures that are characteristic of the training image, and the codebook does not learn grey

level distributions.

However, the histogram can be used to a limited extent in predicting the perform-

ance of a codebook in quantizing an image, provided that it is known a priori that the

trained image and the test image are similar to some extent, as with the images experi-

mented with above. In the images discussed above, with some exceptions, the histogram

of each test images has a distribution that is a subset of the histogram of Lena, the training

image. In other words, with some exceptions, all grey level and all frequencies of grey

levels are contained in the histogram of Lena. If we are given an image that is subjectively

similar to the training image, and if the histogram of the test image is a subset of the histo-

gram of the training image, then we can say with a certain high probability that the quanti-

zation of the test image will produce results comparable with the PSNR achieved by the

training image.
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3.5. Summary

In this section of the thesis, several competitive learning algorithms (HCL, SCL,

SOFM, and FSCL) have been used to compress several grey level images by a compres-

sion ratio of 16:1 at a compression rate of 0.5, while maintaining a PSNR of about 30d8.

C programs were written to implement learning, compressing, decompressing, analyzing

error, and others for the VQ method. These programs were run on the SUN SPARC Sta-

tion2. Methods for optimizing learning have been presented. Given an image that is sub-

jectively similar to the training image, and if the histogram of the test image is a subset of

the histogram of the training image, then quantizationof the test image will produce

results comparable with the PSNR achieved by the training image.
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Cnaprnn 4

A Multifractal Entropy Measure of Signals

4.1. Introduction

This chapter presents a multifractal measure of signals. A multifractal function is

used to measure the distribution of generalized information in signals. In this thesis, the

multifractal measure extracts features of the signal in terms of the signal's generalized

information content. The extracted features are mapped into generalized information sub-

sets. Each subset is a collection of points of the signal that has a distinct information-frac-

tal dimension. Thus, features of signals are described based on their multifractal measure.

Multifractal measures not only provide an objective description of the information in sig-

nals, but also, the measures they yield are perceptually meaningful. Applied to signal

compression, the generalized information fractal dimensions of a signal indicate the

amount of relevant, irrelevant, or redundant information in the signal.

The measure used in this chapter is a multifractal based on Rényi's generalized

entropy [Rény55] and Grassberger and Procaccia's generalized correlation dimension

[GrPr83], as described in [Kins94b] and [Kins94c]. However, unique to this thesis, is that

the derivation of the generalized dimensions uses the information measure at the core of

the multifractal measure specifically for extracting generalized information based features

for signal compression.
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4.2. Fractal Nature of Signals

Natural signals are perceived like fractals [Pent84]. There are many naturally

occurring signals whose nature is perceptualty similar to the synthesized signals based on

fractal theory. A fractal model of signals captures the perceptually significant features of

natural signals. Simple synthesized signals consist of predictable objects, such as spheres,

cylinders, and cubes. Complex signals are formed from rough, jagged, and meandering sur-

faces. Integer models of simple signals do not capture the complexity of natural signals.

In order to better describe signals, a fractal model is used. A fractal model not only

provides an objective measure of naturally occurring signals, but the literature [Man83]

and [Pent84] has shown that the measures derived from a fractal model are perceptually

meaningful. One such measure is the fractal dimension.

4.3. Background Theory of Fractal Dimension and Multifractal Measures

4.3.1 FractalDimension

Given the perceptually agreeing quality of the fractal model of signals, the next

step is to apply fractal based tools to measure features of signals and./or to compare differ-

ent signals. The basic tool under the fractal model is the fractal dimension, D. The fractal

dimension D provides an objective measure, which is reflective of the perceptual degree

of smoothness, uniformity, meandering, coarseness, roughness, and irregularity in a sig-

nal' There is a substantial correlation between the fractal dimension measure of a feature

ofa signal and the corresponding perceived "feeling" [pent84].
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Considering the notion of dimension, one thinks of several different aspects,

depending on the application. Topological dimension is the usual idea of dimension; a

point has topological dimension zeÍo, aline (or curve) has topological dimension one, a

surface has topological dimension two, etc.

A similar idea of dimension is the embedding dimension. The embedding dimen-

sion is the smallest number of Cartesian coordinates required to place the object in a Car-

tesian space. For example, a point requires one coordinate, a line or curve requires two

coordinates, a surface requires three coordinates, etc.

However, the traditional notion of dimension fails to accurately describe complex-

ity of many naturally occurring objects. For instance, there exists different objects that tra-

ditionally have held the same topological (or embedding) dimension, but are known to

exhibit different levels of complexity. For example, while the Koch curve has topological

dimension of one, it is much more complex than a standard curve, such as a parabola,

which also has topological dimension of one. Another example showing contradiction in

the traditional notion of dimension is the space filling curves.

To better characteize complex objects, the concept of dimension was generalized

to not only include integers, but also to include fractions, by several key mathematicians,

including Brouwer, Hausdorff, Besicovitch, Kolmogorov, and Mandelbrot. Mandelbrot

defines ftactal dimension as "a set for which the Hausdorff-Besicovitch dimension strictly

exceeds the topological dimension" [Mand83]. Based on these earlier works, Kinsner

[Kins94b] has compiled, unified, and introduced several different definitions of fractal

dimension. A common thread linking these definitions is a power law, together with a

measure, a limit procedure, and a critical exponent.
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4.3.1.1 Basic DefinitÍon of Fractal Dimension

Let the object of interest be defined as a set of points F embedded in a space of

dimension E.

Definition 1. Fractal dimension D charucterizes the rate at which a measure M(r) of an

object F changes as the scale at which the measure is taken decreases to zero.

The basic fractal dimension, D, canbe written as,

o = l,!o #ffi
Equivalently, Eq. 8 can be written as,

M, - (I/r)D

(8)

(e)

Itisseenthatthe criticalexponentDpreventstheproduct of Mr.¡Ð fromdiverging

to infinity or from becoming zero.

Figure 29 shows the basic idea of calculating fractal dimension. In the process a

sequence of calculations is performed. Each step in the sequence is assigned a succes-

sively smaller value of r. At a particular step, the fractal is segmented into volume ele-

ments (vels), whose size is related to the scale r. Within each vel, a measure is applied. All

such measurements within the vels are accumulated, and a sum M(r) isformed. This is

repeated for each step in the sequence or for each different value of r. The fractal dimen-

sion is the rate at which the measure M(r) changes as r decreases to zero.
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Fig.29. Illustration of the basic method of calculating fractal dimension of
practical fractals.

From this basic definition, we can form several different measure-motivated

classes of fractal dimension [Kins94b], as shown in Fig. 30.
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Fig. 30. The different fractal dimensions, including length dimension (D¿),
self-similarity dimension (D5), Hausdorff dimension (DÐ, Hausdorff-
Besicovitch dimension (Dnù, Minkowski dimension (Dun),mass dimen-
sion (D¡), gyration dimension (Dc), dilation dimension (Do¡ù, informa-
tion dimension (D¡), correlation dimension (Dò, k-th nearest neighbor
dimension (D¿), Ré1{ dimension (D),Luyapunov dimension (Drì,Man-
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4.3.1.2 MorphologicalDimension

The morphological dimension uses a geometrical covering set as the basic meas-

ure. For example, in Fig. 29, the Hausdorff-Besicovitch D¡18 dimension calculates the

minimum number of vels required to cover the fractal at a scale r.

4.3.1.2.1 Problem with Morphological Dimension

Note that the geometrical-covering-set type of measurement neglects any non-uni-

form property of the signal, such as the very dense regions near the center of Fig. 29. At a

certain scale r, the morphological dimension does not place any more/less importance on

areas of the signal having different probabilities. The morphological dimension is based

on geometrical measurements. They do not take into consideration any higher-order meas-

ures, such as spacial, temporal, and scalar variance. Consequently, morphological dimen-

sions cannot accurately describe non-stationary signals. While there may exist some

geometrically signif,cant points of the fractal, these same points may be perceptually inel-

evant. For example, out-lying, localized, and very dense noise in a signal would demand

the same number of geometrical covering subsets as would other sparsely populated

points of equivalent areas.

In signal compression, the objective is to extract information based features from

signals. The information measure is more suited for signal compression because the infor-

mation measure does not generally assume a non-uniform probability distribution. Thus,

the information measure is more appropriate for the core measure in the fractal dimension.
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4.3.1,.3 InformationFractalDimension

Motivated by the information extracting fractal,dimension, Shannon's first order

entropy (Eq. 10) is used.

Lr 
N'

ra =-Ir,loen) (10)
j= I

Assume the following power law,

D,

Cn,-(I/r)' (ll)

(Note the similarity and difference between Eq. 9 and Eq. 11.) This yields the information

fractal dimension D7,

N,

H _Z n¡togr, 
e2)

Dr= !:oiir, = !*oihv,
To calculate D¡,wa apply the measure to each of the Nrvels at scale r and accumu-

late a sum Ç This associates an FI. with an r. D¡is calculated in the limit as r-+0.

4.3.1.3.1. Problem with Single Valued Dimensions

A problem with single-valued fractal dimensions is that they fail to accurately

describe those types of signals that exhibit multiple fractal dimensions. The single valued

dimensions yield one number, which, in the case of multifractal objects, is a global or

average dimension of the object. This may conceal very important features from detection,

and prevent their extraction.
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4.3.1.4 GeneralizedlnformationMeasure

Obtaining objective measures of the amount of relevant information in signals is

the objective of this section of the thesis. Shannon's entropy was considered to be the only

feasible basis for describing the amount of information in a random variable or random

process, whether this information was irrelevant, redundant, or relevant. However, Rényi

tealized that Shannon's basic equation was inadequate for describing the variable spatial,

temporal, or scale complexity of dynamical systems. Human based signals, such as

speech, ecg, eeg, music, images, and moving images are not simple random variables or

random processes whose information content can be described by the first-order Shannon

entropy. These signals have variable scale, temporal, and spatial complexity whose infor-

mation content requires a generalized version of Shannon's entropy. Rényi [Rény55] sug-

gested entropy of order q:

HnØ 1

=-l-q roe} pn@)
xeX

( 13)

Rényi's entropy extracts different probability subsets, and for each subset assigns

an entropy. Fot q -l æ, Eq. 13 suppresses all of the small probabilities and sifts out the

maximum probability. And for q -+----"o, Eq. 13 suppresses all of the large probabilities

and sifts out the minimum probability. In the interstitial space (moments of q), for each

successively positive q, the Hnhas the effect of extractin g fuzzy subsets representing

points of the object with successively higher probability. For each successively negative q,

the H, has the effect of extractingfuzzy subsets representing points of the object with suc-

cessively lower probability. In this way, the object is partitioned into different information

bearing subsets, thus providing a generalized.order and objective information measure.
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4.3.1,.4.1 Generalized Information Fractal Dimensions

Motivated by the generalized information measure, we substitute Eq. 13 into Eq.

L2 and rearrange to obtain the generalized information fractal dimensions,

tos 2 pf
j= lD = tim I

q r-+0 Q-I

Notice that for 4 = 1 (using I'Hospital's rule), .Ff

sion, or the Shannon entropy [Schr91].

(r4)

log (r)

is equivalent to the information dimen-

4.3.1.5 Interpretation of q-th Order Probability

The q-th order probability in Eq. 14 is the probability that q points of the fractal

fall in a vel of size r. To obtain a practical interpretation of this, consider simplifying the

situation, and begin with the squared probability, p2. Now, this 2ndorder probability is

proportional to the relative probability. In other words, given a point j in a curren t vel, the

2nd order probability is the probability that another point is also within that vel. This is

known as the 2nd-order correlation.

Figure 31 shows the idea of counting the number of points of the fractal that are

located within the current vel size with respect to pixel j. The relative number of point

pairs with respect to pixel p¡ canbe counted using Eq. 15.
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The jth vel

of size r¡

Fig.31. Example calculation of Np There are three pairs of points with
respect to pixelj having a distance less than r.

N.
l-
¡ Lo(re- d(p p p¡))

ti=1
(1s)

(18)

NTis the total number of points in the fractal, r¿ is the current scale, d(pp p¡) is the dis-

tance of pixel p¡ fromp¡, and 0(o) is the Heaviside function of Eq. 16.

f r if (x>_o)
0(x) = lo otlrrrwise

This counting procedure is done for all points in the fractal, as shown in Expression 17.

rLîh+ >,rr-d(p¡,",,! ]

Expression 17 represents the 2nd-order correlation, which is proportional to the 2nd-order

probability. To obtain the q+h order probability of Eq. 14, we raise Expression 17 to the

powerofq-1.

î,ry= h+¡î[r,î:," -d(p¡,rl ]]' 
'

Substituting Eq. 18 into Eq. 14 andrearranging yields the generalized information fractal

dimensions implemented by the generalized correlation integral,

(16)

(r7)
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I

or= rfr',

4.3.2 Fractal Dimensions of Measures

(1e)

(20)

(2r)

While Eq. 19 is sufficient for describing the multifractal dimensions of objects, the

literature usually goes on further to describe the fractality of the measures themselves. The

idea as applied to other measures of objects was first introduced by Mandelbrot [Mand83],

and then later described by many others [HePr83], [Grass83], [Grprg3]. We apply rhis

idea to the generalized information based measure of images and other naturally occurring

signals.

For a uniform fractal with homogeneous measures, the distribution of the meas-

ures, such as probability p, at a given vel of size r, satisfies the single-valued power law,

Dp(r) - r

For a non-uniform fractal with inhomogeneous measures, the multi-valued power

law is more appropriate,

P,?,) - r,oi

In Eq. 2I, at each different scale as r approaches zero, one observes that the non-

uniform distribution of the measure p¡ converges toward a limit curve. The exponent %

corresponds to the strength of the local singularity of the measure, and is called the Hölder

exponent. For each value of cr;, we can associate a subset of points from the fractal F.
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Points in a subset have a probability p;. This is how different subsets of points of different

information content (features) within a signal are extracted. To describe the information

based strength of each different feature, we then determine the fractal dimension/(ø,) of

the measure as,

Nc(,)- çI/r¡fl")

The Nrr¡r,¡ is the number of alphas u(r) that have a particular value.

d -.dq = *I{ø-I)Dql

Then,f(u) can be obtained from,

4.3.2.1 Mandelbrot Dimension

Thef(a) is called the Mandelbrot dimension. It can be shown [Schr91] rhat cr and

f(a) are related to the Rényi dimension of Eq. 19. The o¿ can be obtained by taking the

derivative with respect to the Rényi exponent 4.

(22)

(23)

/(o¿) = eaq- (q-I)Dq e4)

Note that F,q.24 is a Legendre transformation [Schr9l] of (q - I)Dq. The literature

inte¡prets the relation betweenf(cr) and G as an entropy versus energy description of the

object [Kins94b].
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4.3.3 Properties of Multifractals

Considering the generalized fractal dimensions Dn of Eq. 14, it is seen that for

9 ì -, Eq. 14 suppresses all of the small probabilities and sifts out the maximum proba-

bility' And for g Ð --, Eq. 14 suppresses all of the large probabilities and sifts out the

minimum probability. In the interstitial space, for each successively positive q, the Dnhas

the effect of extractin g luzzy subsets representing points of the fractal with successively

higher probability. For each successively negative q, the Dnhas the effect of extracting

fuzzy subsets representing points of the fractal with successively lower probability.

Because we are using Rényi's generalized entropy, the above mentioned probability sub-

sets can be referred to as fuzzy information subsets.

Note that for a valid probability distribution function,

P,r¡rS P*o*S l

Therefore, Dq is a monotonic non-increasing function of q,

(2s)

(Dnz<Dq1) for (q,3qr) (26)

If a fractal is strictly self similar, i.e., if all measures on the fractal are uniform and

homogeneous, this implies thatf(a) - Dq = D = constant, independent of q. Further, the

range of variation in Dn with q can indicate the degree of complexity of the multifractal.

Figure 32 shows theoretical curves for the generalized dimension Dn,theHölder exponent

u(q), and the multifractal distribution functionf(u) [Visc92]. Note rhat u(q) and Dninter-

sect at D7. Also, the peak value of f(u) is the Hausdorff dimension, D¿.
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Fig. 32. Theoretical multifractal curves (after [Visc92]).

4.4. Experiments and Discussion

The multifractal measures derived in Section 4.3 are used to measure perceptually

relevant features of signals. Although these measures can be applied to all types of signals

considered in this thesis, such as images, speech, music, and moving pictures, this section

focuses on still images. Work on the application of these multifractal measures to other

signals is currently being done in Kinsner's research group [Kins94b].

4.4.1 Application of Multifractal Measures on Images

In the applications part of this chapter, multifractal functions are computed for

grey scale images. The software is listed in Appendix B. First, an input image is obtained

and embedded in an appropriate space. Usually, the image is obtained as an array of pix-

els, each having three parameters: ¡ and y coordinates, and an intensity value, as shown in

Fig.33a.
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Fig. 33. Representations of image Lena.

The image is embedded into the 3-dimensional Euclidean space, with the intensity
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being used as the z-coordinate, as shown in Fig. 33b. Note that the 3-D representation of

Lena is not truly 3-D, since each (¿ y) pair has only one e value. This should not disturb

the experimental procedure, since we are interested in extracting surface feature proper-

ties.

Dq

3.5

3.0

2.5

2.0

0.0
-6-4-202468

q

Fig.34. Generalized dimensions of selected images.

The experimentally determined generalized dimension curves are shown in Fig.

34' To verify the implementation of the algorithm, the correlation dimension D2 of a 3-

dimensional Koch curve, a solid cube, and a plane were calculated. The 3-D Koch curve

was created by first multiplying the l-D Koch curve by a straight line, giving afractal

dimension of 1 + Iog j(4/3). Then the resulting 2-D Koch curve is multiplied by itself, giv-

ing a 3-D Koch curve of dimension: 2(l + log j(4/3)) = 2.5237. The value of D2obtained

for the Koch curve agrees with the theoretical value. As expected, for the objects contain-

ing strict self similarity, including the Koch curve, solid cube, and plane, the Dncurves are

flat. For the non-fractal objects, the dimensions are integer values. Table 5 shows the cor-

relation dimension D2, along with percentage error with respect to known dimensions, of

some of the images that were tested.

Image D2 Vo Etror

Plane 2.0006 0.03

Solid Cube 2.9989 0.04

Koch Curve 2.5292 0.2

Lena 2.3218 N/A

Baboon 2.3937 N/A
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The experimentally determined entropy versus energy description is shown in Fig.

35b. As can be seen, the general appearance of f(u) for both the Lena and Baboon images,

agrees with the theoretical curve of Fig. 32, except for the domain of large cr, where/(g)

"doubles back". The technical reason for this is because the Drplot saturates too quickly

for negative q, resulting in a rising hump in the u(q) plot, as shown in Fig. 35a.

sq

J

Do

2.6

2.2

r(o) t.s

1.4

1.0

(a) 1.5 2.0 2.5 3.0
(b) c(q)

4.0 4.5
-6-4-202

q

Fig. 35. (a) Generalized dimensions of selecred images. (b) Multifractal
distribution of Lena and baboon

A reason why Dn saturates early for negative q,may be because of the absence of

low probability subsets in the data. Recall that for each successively negative q,the Dnhas

the effect of extracting subsets of points representing successively lower probability. A

reason explaining the inability of the Dnto extract the low probability subsets in the data

may be because of insufflcient population [AtSV88]. In order to obtain statistically signif-

icant results for highly improbable data, there must be a large population from which to

extract the statistics. A supporting argument of this is the insufficient resolution of the

data, i.e., the pixel density at which the image was projected onto the2-D space. Or, it

could be that there are just no more lower probable data subsets present. For example, p*in

has been extracted from the Lena image by about g = -5.

-97 -



4.5. Summary of Chapter 4

In this section of the thesis, a multifractal entropy measure for signals is presented.

The multifractal measure is based on using the generalized correlation function to deter-

mine the generalized dimensions. From the generalized dimensions we obtain a multifrac-

tal distribution function that partitions the signal into subsets, each of which has a different

fractal dimension. Thus, the signal is represented in terms of a partition, that describes the

signal in terms of the information content in each subset. While the idea of obtaining a

generalized entropy of a natural image, such as a head and shoulder image of a person, has

always been sought for in the literature, this information content has never been described

in terms of a multifractal distribution function, as it has been done in this thesis.

In this thesis, we report Hausdorff fractal dimensions for Lena and the baboon of

2.5958, and2.6562, respectively. The multifractal entropy distribution function/(cr)

shows a slightly wider breadth for the baboon as compared to Lena, indicating the baboon

contains a higher degree of non-uniformity.
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Cnaprnn 5

ConclusÍons and Recommendations

5.1. Conclusions

This thesis develops perceptual measures of signal features primarily for compres-

sion. Because classical distortion measures, such as the mean squared difference between

samples of the signal and the reconstructed signal, have little meaning in measuring per-

ceived error, this thesis develops perceptually meaningful measures and perceptually

meaningful objective measures of signal features. This thesis extends the signal compres-

sion work done in the literature in the following three areas: the wavelet transform, artifi-

cial neural networks, and multifractals.

More specifically, this thesis develops a model of the cochlea in terms of process-

ing the scales of signals, and in terms of the non-uniform filtering of the scales within the

logarithmic bins of perception. This thesis shows how the wavelet transform coupled with

the frequency sensitive competitive learning neural network can be used to implement the

cochlea model for compressing music.

The wavelet transform provides better results for representing multifractal signals,

such as wide band audio, than do other standard transforms, such as the Fourier transform.

This is because the wavelet transform offers a compromise in the resolution of time and

frequency. It provides good time localization of high frequency components of the wide

band audio signal, while maintaining good resolution of the global, Iow frequency compo-

nents. The wavelet transform provides an automatic signal decomposition that is compara-
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ble with that of the cochlea filter. Furthermore, unlike other transforms, the wavelet

transform utilizes a basis function that is prototypical of the audio signal. The self-similar

nature and energy content of the scaled and translated wavelets in the time-frequency

plane resembles that of wide band audio, and it is this feature that makes the wavelet

transform a very good transform from the signal compression viewpoint. The preliminary

results show a bit-rate of 150 kbps, rather than 705.6 kbps, with no perceptual loss in qual-

ity.

This thesis develops a model of human compression of images. Compression of

images involves vector quantization employing various competitive learning algorithms,

including hard competitive learning, soft competitive learning, Kohonen's self organizing

feature map, and frequency sensitive competitive learning. Because the codebook contains

prototypes of a particular type of image (e.g., head and shoulder images), this demon-

strates the self-similar nature of these types of signals. These prototypes can be thought of

as a basis through which other similar type images can be reconstructed. The results show

that grey scale images are compressed by 16:1 and transmitted at 0.5 bits per pixel, while

maintaining a peak signal-to-noise ratio of approximately 30 dB.

Finally, this thesis presents a perceptually meaningful and objective measure of the

distribution of information in signals. The measure is a multifractal based on Rényi's gen-

eralized entropy and a generalized correlation dimension. The features of the signal are

represented by information subsets. The multifractal entropy distribution function shows a

slightly wider breadth for the baboon as compared to Lena, indicating the baboon contains

a higher degree of non-uniformity. This thesis reports Hausdorff fractal dimensions for

Lena and the baboon of 2.5958, and 2.6562. respectively.

The above observations show that the main objectives of this thesis have been achieved.
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5.2, Contributions of the Thesis

The contributions of this thesis are listed as follows:

I Development of a model of the cochlea in terms of processing the scales of signals,

and in terms of the non-uniform filtering of the scales within the logarithmic bins of

perception.

W Implementation of the cochlea model using the wavelet transform coupled

with the frequency sensitive competitive learning neural network.

N Development of a novel Graphical User Interface (GUI) for auditory visualiza-

tion of the quantization and f,ltering of wavelet coefficients in each subband.

ffi Demonstration of the self-similar nature of wide-band audio.

t Development of a model of human compression of images based on vector quantiza-

tion.

W Implementation of the human compression model using learned vector quanti-

zation employing various competitive learning algorithms, including hard

competitive learning, soft competitive learning, Kohonen's self organizing fea-

ture map, and frequency sensitive competitive learning.

N Development of a novel Graphical User Interface (GUI) for visualization of

the dynamic and adaptive learning procedure.

ffi Demonstration of the self-similar nature of images.

-101 -



I Development of a perceptually meaningful and objective measure (a multifractal) of

the distribution of information in signals.

ffi A derivation of an expression for the generalized dimensions that uses the infor-

mation measure at the core of the multifractal measure specifically for extracting

generalized information based features for signal compression (Section 4.3.1).

ffi A unified definition of fractal dimension (Definition 1, page 84).

I Numerous demonstrations of the work to industry, government, other researchers,

and the community at large.

t 'Work 
used to assist the government for identification purposes.

f Work used in a com.mercial implementation of a weather identification system

lKLSW94l.

I Lectures on learning vector quantization of images given in a graduate and under-

graduate courses on Computer Vision and Digital Image Processing [Lehn91].

I The work in this thesis has been published in journals and conferences, including

[FeKi94], [LFKK94], [KLSW94], [LaFK93], [FeLK93a], [[FeLK93b]1, [waFK93],

IKLIA9 11, [FeKi9 1], IAMFK9 1 ], [FeKi90], IFeKiSgl.
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5.3. Recommendations for Future Work

The suggested future work includes applying the multifractal measure for signal

segmentation, enhancement, and compression, as it is already being done in Dr. Kinsner's

research group. In particular, the singularity strength cr can be used to extract the different

information bearing subsets of the image. These subsets will then identify the segmenta-

tion of the image, provide a means for edge detection, and provide a pointer in a look up

table for signal quantization.

5.3.1 Multifractal Measure SOFM Codebooks

A fractal-based description of the dynamical process of learning the codebook of a

self-organizing feature map (SOFM) can be developed. It can be shown that a measure of

the dynamics of learning an SOFM codebook can be described by a multifractal. The

entropy of a codeword of an SOFM codebook is the number of times the codeword is used

to represent an input vector. For a natural scene, such as a facial image, the entropy of the

codebook is a non-uniform function. That is, different codewords are used a different

number of times. A scale is defined here as the point in the learning process at which tem-

perature is artificially introduced into the system in order to nudge the system out of a

local minima. The entropy function when calculated just prior to these insurgence points

approaches a curve for scale points much greater than one. In the limit of large scale, this

curve represents a probability curve from which the generalized dimensions Dq can be

calculated. Ttns Dq curye describes the fractality of the soFM codebook.
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These results can be used several ways in improving image (or any other signal)

compression. A stopping point in the learning process can be defined as the point at which

the entropy of the codebook approaches a prescribe d Dq curve. The optimal stopping

point would be the point at which each prototype becomes an exemplar of many image

vectors having the same fractal dimension. The prototype vectors would partition the

image into fractal dimension subsets. This kind of segmentation can lead to improved

compression because the complexity of multifractality is removed. A prototype vector

must now only be an exemplar of a set of image vectors having the same fractal dimen-

sion.

5.3.2 The Self-Similarly Organized Fractal Feature map

In this thesis it was stated that "The important point [of vector quantization] is the

driving force that tells the [neural network which features are] the important ones. This

driving force should be similar to the one we use when we perform the reconstruction of

[signals] in our minds". Since the fractal dimension is reflective of our perceptual sense of

signal features, the multifractal measure can be used as the equivalence relation in learn-

ing vector quantization. In this thesis, the Euclidean metric was used to determine the sim-

ilarity between the input image vector and a codeword in the codebook. Instead of using

the Euclidean metric, one can incorporate the multifractal measure to determine the degree

of similarity between input signal vectors and codewords.

The learned codebook in this case would represent a partition that is based on self-

similar fractal sets. Each region in the partition would contain exemplar signal vectors

along with the prototype vector, and they would a]l have the same fractaldimension. In

-104-



other words, a codebook of 256 features implies a partition containing 256 different sets,

each of which has an associated fractal dimension.

Furthermore, using the approach of Kohonen's self-organizing feature map, the

codebook that uses the multifractal equivalence relation would be a self-similarly organ-

ized ftactal codebook. Each prototype vector in this codebook would be locally sur-

rounded by other prototypes having similar fractal dimensions. This codebook would

yield a multifractal topological map of signals.

This approach would be called the self-similarly organizedfractal feature map

(ssOFFM).
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AppnNnrx A

Images of Chapter 3

This appendix contains the images used in the experimental part of the section of

the thesis.
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Fig. 36. Lena original (512x512 by S bpp).
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Fig. 37. Lena (5 r2x512 by 0.5 bpp) quantized using linear vector quanti-
zation. The PSNR is 26db. Note the smallesr building block is a 4x 4 anay
of pixels, each pixel having the same grey level
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Fig. 38. Lena (5l2xI2by 0.5 bpp) quanrized using Lena's 30.35 db code-
book. The PSNR is 30.35 db.
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Fig. 39. Lori original (5I2x512 by 8 bpp).
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Fig. 40. Lori (512x5r2by 0.5 bpp) quanrized using Lena's 30.35 db code-
book. The PSNR is 31.6 db.
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Fig.41. Andrea original (5\2x512 by 8 bpp).
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Fig. 42. Andrea (512x512 by 0.5 bpp) quanrized using Lena's 30.35 db
codebook. The PSNR is 33.45 db.
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Fig.43. Tanya original(5l2x512by 8 bpp).
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Fig. 44. Tanya (512x512 by 0.5 bpp) quanrized using Lena's 30.35 db
codebook. The PSNR is 34.0 db.
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Fig. 45. Renoit painting (512x512 by Sbpp).
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Fig. 46. Renoit painting (5l2xI2 by 0.5 bpp) quantized using Lena,s 30.35
db codebook. The PSNR is24.1 db.
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Fig.47. Baboon original (512x5I2 by 0.5 bpp).
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Fig. 48. Baboon (512x512 by 0.5 bpp) quantized using Lena's 30.35 db
codebook. The PSNR is24 db,2db lower than if Baboon's 26 db codebook
is used.
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Fig. 49. Lena (512x512by 0.5 bpp) quantized using Baboon's 26 db code-
book. The PSNR is 26.7 db, 3.65db lower than if Lena's 30.35 db code-
book is used.
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Software Listing

The software developed in this thesis can be found in technical report [Fere95].
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