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SUMMARY

Residual vector quantization (RVQ) is anéarest neighbor {8IN) type of
techniqueRVQ is a multistage implementation of regular vector quantization. An input
is successively quantized to the nearest codevector in each stage codebook. In
classification, nearest neighbor techniques are very attractive since these techniques very
accuraely model the ideal Bayes class boundaries. However, nearest neighbor
classification techniques require a large size of representative dataset. Since in such
techniques a test input is assigned a class membership after an exhaustive search the
entire traing set, a reasonably large training set can make the implementation cost of the
nearest neighbor classifier unfeasibly costly. Although, tdetdee structure offers a far
more efficient implementation of-MIN search, however, the cost of storing theadat
points can become prohibitive, especially in higher dimensionality.

RVQ also offers a nice solution to a ceftective implementation of-NN-based
classification. Because of the diresztm structure of the RVQ codebook, the memory and
computational ofcost tNN-based system is greatly reduced. For example, RVQ
codebook wittM = 4 codevectorperstage and® = 8 stages can potentially represkfit
= 65536 training vectors with the cost of oM§P = 32 codevectors. Although, as
compared to an equivaledtNN system, the muklstage implementation of the RVQ
codebook compromises the accuracy of the class boundaries, yet the classification error
has been empirically shown to be within 3% to 4% of the performance of an equivalent 1

NN-based classifier.

Xii



CHAPTER 1
INTRODUCTION

Classification of imagesis perhaps the most important part of digital image
analysisClassificationis the problem of identifying to which of a setazftegories new
observation belongs, on the basis a@faaning setof data containing observations whose
category membership is knowm images the intent ofa classification process is to
categorize all pixels in a digital image into one of seveastgoriesClassification finds
its application in a wideange of operations in computer visi@omputer visior[2] is a
field that includes methods for acquiringrocessing analyzing, and understanding
images and data from the real wottd make decisions about the contents of images.
Broadly speaking, the aim of computer visionagluplicate the abilities of human vision
by electronically perceiving anahderstandingmages. The classificatioof images is a
very important field of comyter vision.The wide variety of applications of classification
includes pattern recognition, object detection and recognition, and image understanding.

An important component of a classification of images is the choiteatires A
feature, ingeneraljs a piece of information that is relevant for solving the computational
task related to a certain application. More specifically to images, a feature can refer to a
simple intensity level in an image to a more complex structure like edge,dkiarg,
and an objectEven more complex features are manufactured to accomplish robust
classification performances for object recognition. Few examples of such complex
features that are very popular in computer vision applicationSaakeinvariant Feature
Transform (SIFT) [3], Rotationlnvariant Feature Tansform (RIFT) [4], SpeededUp

RobustFeatures(SURF)[5], andGradient Location and Orientationistogram(GLOH)



[6]. The process of transformirdpta, such as text or images, into numerical features
usable for various classification applications is calfedture selection7]. Feature
selection havecome the focus of much researeBpecially where huge amount of data

is encountered.The objective of feature selection is threéold: improving the
classificationperformance of thelassifiers providing faster and more cesffective
classifiers andproviding a better understanding of the underlying process that generated
the data.

An algorithm that implements classification is known asaasifier The aim of a
classifier is to separate the data in the feature space into regions belongingd@assach
Broadly speaking, classifiers can be divided into two types: Sepahstpeyplanebased
classifiers, or featureemplatebased classifiers. In case of the former, the classifier is
designed such that the data separated into -sf@ssfic regions ¥ a plane. If the
dimensionality of data is more than two, the separating plane is generically called a
hyperplane. To achieve the separation between the data of different classes, it may be
required to transform the data. This transformation of datarestjin the implementation
of classification is calledeature extractionAtrtificial neural networks (AIN) [8] and
support vector machineSYM) [9] are one the widely used classifier of this type.

In featuretemplatebased classifiers, features are collected into a vector and then
matched for nearness to the collectiorerémplarfeaturesrepresented btraining data
The criterion for nearness alled a distance functiorll classifiers employ distance
functions. Many types of distance functions are used, of which the most popular is
Euclidean distancedther welkknown distance functions are quadratic, polynomiak chi

sqguar ed, a n @ Distaacae t(HMD)Mlstaneer fdnctiof3]. The choice of a



distance depends on the type of features used by the classifier-tenggate matching
based classification is a special case of feaemgplate matchingpased classifation. In
this case, the feature template is composed of the intensity levels of the image.

The scope of this research is the imégmplate matchindpased classification.
Various techniques based on features and image templates have been developed to
adhieve the various tasks of classification anvariety of imagesuch as synthetic
aperture radar, optical, satellite and iafeal images ranging from low to high resolution.

In featuretemplate matchingbased technique the original imageis first
trangormed from a pixetintensity value to another set of features. Tlessification is
then performed on the transformed feature space. Common transformed features are
edgeq10], texture[11], invariant color cueg12], and invariant geometric featurfs3].
Stan Z. Li[14] used Markov random fields (MRF) for object recognition by employing
Bayesian structurddasedmatchingtechnique orinear features. Similarly, Zhang et al.
[10] also used the Bayesian framework to mateie featuresto perform object
recognition.

Imagetemplate matchingpasedclassificationis a very populamethod and has
certainadvantges over other nepixel featuresbased methodd5]. The formemethod
uses the entire information in the imageameakea class decisionMoreover, it does not
involve further computations required for feature extracti@vithin the area of
classificationbased on imagemplatematching, the research communputs a great
dealof emphasi®n the techniques thdecompose an image indoseries of submages,
also called basis vectors. Such decomposition also serves the guvposnage

compression.Examples are principal component analysis (PJA®], [17] and



independent component analysis (ICJAP], [18]. Residual Vector quantization (RVQ)

[19] is also such a technique, which decomposes an image through-atagati multiple
codevectorgperstage system that seeks to improve the image reconstruction through
successive refinement of informatiddther than these mulstage frameworkd<-means

[8] and nearest neighbor classifi§8$ are also widely used.

Classificationusing RVQon image templateils thescope of this researcRVQ
employs nulti-stage codebooks which givea significant advantage over the regular
vector quantization VQ20] andk-NN classifiersin terms of computation and memory
storage requirements. Residual Vector quantization, as @esigy Barnes, C.[F19],

[21], [1], employs direcsum codebdo design to achieva dense covering of the input
spacewith low computational and memory casfBhe directsum codebook design
enables the RVQ to densely populate the input space with Voronoi regions at a relatively
low cost.

K-means clustering is alsosamilar techniquehat partitions the input space into
K regions[16]. However, the RVQ holds an advantage dkeneans clusteringnd k-
nearest neighbor classifigr terms of computational and memory costs, especially, in a
high-dimensional input space. The mwdtage RVQ can also be held similar to the
techniques like principle component analysis (PCE] and independent component
analysis (ICA)[16] in the sens that RVQ also decomposes an input image into stage
wise residual images. However, RVQ is, relatively, more suited to the operations of
segmentation and classification since RVQ partitions the input spaceVartnoi

regions RVQ has been used with a gtelegree of success for imadygven data mining



to detect features and objects in digital ima@23, [23], and[24]. In these applications,

the classconditional prdabilities are calculated for each codevectostagecodebook.

A classification decisions then made on each stage using Naive Bayes on the stage
codevectors In other words, maximumaposterioriprobability-based (MAP) rule is
locally applied on stageodebooks Subsequently,he finatclass decisions made by
determining the highest classnditional probability or equivalently the maximum local
(stage)MAP and assigninghe correspondinglass membershif the inputHowever in

this method,classification performancevith optimal rejection of false alarm is not
guaranteed.

The aim of this research is to explore the Bayesian framework to formulate a
solution for robust RV@based classification, optimal in th@aximumaposteriort
probabilistt (MAP) sense Moreover, to exploit the efficient diresum multistage
structure of RVQ, the Markov approach is also explored to make the-bged
classification cost effective.

This thesisreport is organized int@even chaptersAfter the first chapte on
introductionand a brief background of the research presented in this r€p@pter 2
covers a discussion on vector quantization (VQ) including residual vector quantization
(RVQ). The third and fourth chapters discuss the application of VQ and RVQ,
respectively, in the area of classification. The fifth chapter contains the preliminary
research on the proposed RM@sed classification. Chapter 6 discusses the main
research that is built upon the preliminary findings reported in Chapter 5. The comclusi

and suggestions on future works on RY&sed classification are presented in Chapter 7.



CHAPTER 2

VECTOR QUANTIZATION

Introduction
In vector quantization (VQ)samples of an inpuare grouped into a block or
vectorandare encodedltogether On thecontrary, the samples are encoded individually
in scalar quantization (SQ). The idea that the encagigigpupof samples of an input can
be advantageous over the encoding of individual sampbes fisst put forward by
Shannon in his ratdistortion theoy. Rate is the average number of bits per input sample,
and the measures of distortion are generally rsegiared error and signrg@-noise ratio.

Shannon shows that for a given rate, vector quantization results in a lower distortion than

when scalar quantz ati on i s wused at the same rate.

ratedistortion theory is that VQ will always achieve better compression than SQ, even if
the source is memoryless, i.dhe sourceemits a sequence of identicallyand
independenthdistributed random variabld25]. The reasoffor the superior performance
of VQ over SQis that greater flexibility exists ipartitioningthe input space using VQ
than using SQ

Vector quantization is a generalization of scalguantization from the
guantization of acalar to avector. SQ is used primarilpf analogto-digital conversion.
VQ is used with sophigtated digital signal processing/Q is usually, but not
exclusively, used for the purpose of data compres$msuch casesthe input signal is
already in some form of digital representatajrthe original signahnd the desired output

is a compressed version of the original signal. However, VQ has also become an



important technique in speech and image recogniéind,its importance and applicateon
are growing.

A vector can be used to deke almost any type of pattern. A pattern can be
formed from asggment of a speech waveformam image, simply by formingneordered
groupof samplesxtractedrom thespeechwaveform or imageln such settingsyQ can
be viewed as a form of pattern recognition where an input patteguastized and
approximated by one d¢he patternsof a predetermined set, called the codeba® can
also be viewed as a front end dovariey of digital signalprocessing tasks, including

classification and linear transformation.

Vector Quantization

In vector quantization, a quantiz€ (also referred to as a vector quantizef)
dimensionk, codebookC, and sizeN maps each source symhmi vectorx = {xo, X1, ...
Xq 1} in R to a finite setC containingN distinct codevectorsi.e.,Q : R*Y Cv R The
number of bits required to reggent each codevectaralled theresolution code rateor
simply therater, is & € () Qbits per vector. This process describesdgheodingstage
of the VQ. The second and final stage, i.e., tleeatiingstage, maps each codevector
obtained in the encoding stage twertorthat is an approximation of the inpsiburce
vector VQ can therebre be considered as a pattematching technique since each
vector is encoded by comparing it to teevectorsising a suitableistancaneasure

For a given set of input symbols or a training sk& principal goal in the
implementatiorof the VQ is to designa codebook specifying the decoder, and a patrtition
of the input space specifying the encofl26], while trying to minimizethe average
distortion over theentire training setSeveral distortion measures have been proposed in

7



the literature. In image coding, a commonly usedadtion measure is the squaretor
criterion, Q oo @ w , even though it does not always correlate withhuman
pereption of quality. For annput sourcethat emits symbolsw and a compression
system that outputs symbals the average distortion is given by

O BB /oo .
The distortion measur@ who in the above equation is a measure of closeokesmput
and output symbols, and is generally determibgdhe particular applicatiof25]. The
probabilityy @ is the distribution of the swce symbols, and the posterior probability

N @ o determines theompression scheme used.

VQ Codebook Design Method

Thedesignof a VQ codbookis doneby an iteration ofwo steps:
a) Encoder design: Given a decoder (i.e., codebook), source distribution, and distortion
measure, the optimal encoderdssigned such thahe encodessatisfies the nearest

neighbor condition.

b) Decoder design: Given a partition (i.e., encodany a squaredrror criterion, the
optimal decoder islesigned such that the constituent codevectors of the decodbeare
centroids of every cellthat are made out of the given partiti@6].

Steps a) and b) are repeated until some design objective iFmeformulation is the
basis of the widely use@eneralized Lloyd Algorithn{GLA) for VQ implementation

[20]. This algorithm is also called thénde Buzo GrayLBG) algorithm[20].



Types of VQ Structures

ESVQ

We now discuss the main types iaiplementations oV Q that appear in the
literature. The goal of a V@nplementations that for a given rate theutput distortions
as close as possible to tbetimal distortion given by Shannon in higtedistortion
theory However, in general, optimal coding of souxaetors is not possible unless an
exhaustive searchs carried outover all the codeectors, as is done in structurally
unconstrainedexhaustive search vectorugntizers (ESVQs) [21]. For a rater and
dimensionn of the inputvector, there are 2 codevectors. The computational costs of
ESVQ Cesvq and memory requiremeritdesyoared 2™. A solution to this problem is to
impose constraints on the VQ structure.
TSVQ
One possible solution iBree StructuredvQ (TSVQ) proposed if27]. A P-level, m-ary
TSVQ has a search complexi€rsvg @ mP, but double the storage requirements as
compared to ESVQ, i.eMrsvod 2Mesvo So, although th&SVQ addresseshe search
complexity problem, it aggravates the storage problem.

Product Code VQ

A methodfor reducing both computational and storage compleeispecially for
high-dimensional vectorss to use produetode VQ. The basic idea in prodwaide VQ
is to break a bigger problem into several smaller problems. Exaroplesoductcode
VQ are partitioned VQ,meanresidual VQ, gairshape VQ and meargainshape VQ

[19].



Partitioned VQ

Partitioned VQ is the simplest and mdsect way of to reduce the search and storage
complexity in coding a higldimensional vector. In partitioned VQ, a vector is partitioned
into two or more smaller subvectors. The training set is also partitioned intcaguhg

sets, and separate optintaldebooks are designed for each partitionedtsabing set.

An input vector is partitioned, and each partitioned subvector of the input vector is
encoded by the corresponding codebobdknajor disadvantage of the partitioned VQ is

that the resulting codebook fails to capture the correlation between the subvectors in the
training se{28].

MeanRemoved VQ

In meanremoved VQ, the mean of an input vector is oged, followed by the
guantization of the mean and the resultant vector, called -re@@oved vector,
separately. The technique is effective when source input vectors are similar to each and
vary one another mainly in their mean values. For example,-negaved VQ is used

for a set of similar images with differing amounts of background illumination. The effect
of the varying lighting conditions can be effectively reduced by removing the mean of
each before quantization. The mean and the me@moved imageare, then, quantized
separately, with one codebook for the mean values and the other codebook for the mean
removed images, respectively.

GainShape VQ

In applications, such as speech, where the dynamic range of the source input is quite
large, gairshape \Q is used. For such sources, a very large codebook is needed to

represent the various vectors from the source. This requirement is reduced through gain
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shape VQ, in which the source input vectors are normalized by a suitable normalization
factor. The normi&ed vector and the normalization factor are, then, quantized
separately.

MeanRemovedGain-Shape VQ

Often mearremoved and gaishape techniques are combined together in one technique
that is called mearemovedgainshape VQ. In this method, the mearaafinput vector

is removed and, then, the me@moved input is normalized by its gain to obtain a vector
that is effectively normalized to have zero mean and unit gain. Codebooks designed for
such meawemovedgainshaped vectors tend to be very robuste their dependency

on an accurate statistical model of the source reduces.-iMeavedgainshape VQ has

been extensively used in image coding.

Multi -Stage VQ

Another VQ technique that has proved valuable in a number of speech and image
coding applicdions is multistage VQ (MSVQ) or cascaded MQQ]. This technique is
also referred to as residual VQ (RV{29]. However, in this thesis, the terminology
residual vector quantization (RVQ) is exakely reserved for the VQ technique
developed by Barnd21], [1] (the details of RVQ will be given later). The other multi
stage VQ methods are referred to, simply, as MSM@ng and Graf29] first proposed
theMSVQ structure, which is shown in Figure 1.
MSV

The basic idea of MSVQ is to divide the encoding task into successive stages.

Each stage has its own codebook. The first stage performs a relativedyocramtization

11



of the input vector using its stag@se codebook. After the quantization step at the first

stage, an error vector, also called residual, is generated by subtracting the codevector

RVQ Encoder RVQ Decoder
Soure " &
Vectar First Stage i First Stage
Vg bedai e vQ Codavnctor
Encoder Decoder
Crimwecior
Firs:y Swage
oo sicheal
Second Stage | - e | S&cond Stage
el et | Heal - Vi ——f—
Encoder . Channel : Decoder i
Cedeveetar - -
p— -
Rt -
-
-
-
-
i
Last S5tage | .ie. Last Stage
W MT.' '|.|I'Q Cesdevecior
Encoder Decoder

Figure 1. MSVQ block diagrarfCourtesy Barnes, C.F et 4l]).

used on the first stage from the input vector. Then, a second stage quapeiztes on
the residual of the first stage and quantizes the error vector. Like the first stage, the
second stage also generates the residual between the input vector of the second stage and
the codevector used at the second stage. The residual afsectirad stage provides a
second approximation to the original input vector thereby leading to a refined or more
accurate representation of the original input. A third stage quantizer may be used to
guantize the second stage residual to provide a furtfieemeent and so on.

MSVQ design methodonstrains the paresbdebook to be constructed from the
direct sum ofthe smaller constituenstagewise codebooks. Such codebogkcalled a

directsumcodebook. Direesum codebookare memory efficient, in that if there af
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stagewise constituentodebooks ant¥ codevectors per stagen the parent codebook
containsM” codevectors, but requires the storage of oWy constituentode vectors.
Juang and Gray29] suggested thaMSVQ stages bedesigned by sequential
applicationof the generalized Lloyd algorithfGLA). Although sequential use of the
GLA is nearly optimum fotwo-stage MSVQ withmoderated to high output rates (i.e.,
large stage codebook =#s) this design methods increasingly unsatisfactory as the
number of stages growseyond two[19]. The main shortcoming of the sequential GLA
design methodk that each stage codebookgenerated while considering ortlye error
due to previous stages (treausal error); the error dueto subsequent stages (the
anticausalerror) is ignoredThis prior researcdemonstrated empirically that sequential
nearesneighbor encodingand suboptimal sequential design methods forctisem
codebooks generally produce rather poor results wiene than two or three VQ stages
are used. Subsequentlsgsearch interest in direstm codebooks with many stages
waned, leavig the limitations of the direcsumcodebook constrairoorly undestood
and the possibility of other encodistgyategies unexploreBarnes inf21], [1] proposed a

novel design approach in which the codebook design techiadgpesinto account both

the causal andnticausal errors of the previous and subsequent stages to reduce the

overall error.Barnes in21], [1] refers to this design approach as a japtimal method,

and the MSVQ desigwith this jointoptimal method is referred to as RVQ in this thesis.

RVQ is the focus of the research presented in this thesis. Therefore, the details on

RVQ are given special attention and are presented as follows.

Residual Vector Quantization(RVQ)

RVQ is a type ofmulti-stage vector quantization. RVQ is implemented \aith
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directsum codebook structurdBarnes in[21], [1] used RVQ with direesum and
causalanti-causalcodebook to demonstrabmth lowlevel segmentatigrand hidn-level
object recognition.

Like MSVQ, RVQ decomposes an input vector stagee. This successive
decomposition starts from the first stage, where an input vector is mapped to one of the
codevectors in the codebook diet first stage.The mappingof the inputis done
according to some distance criteriddarnes in[21], [1] used the measquareekerror
(MSE) distance measuréhe mapped codevector of first stagéhisn subtracted from its
input to yield aresidualvectorfor the first stage. The residualfed to the next stages
the input. The process continues for every subseqienstage, and the respective
residual vector is created by subtracting the pedpcodevectow of ther stagefrom
the input of that stag@his process stops if either the last stRge reached, or when the
MSE between the original input and the reconstructed input at a stage meets a pre
specified thresholdThe reconstrued vector of the original input vector is obtained by
summing up the corresponding codevectors of all the used stages. For alRistages
of RVQ, thereconstructed imageof the original imagevis given as

® B & hjv plghotss 80 .
The entire operation of R®, as mentioned abovean besummarized in the following
three steps

a) A mapping to directsum codevectorsthis function is a mapping fromR to

R¢ wherek is the dimensionality of the codevectarsd also the input space

b) A mapping toP-tuple representation ahe directsum codevector$-tupleis

a set, CHONQB ROBHQ , where QN pigiB &0  is the index of one of
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the M codevectors at the) stage of the RVQ. This mapping is a
transformation fronR* to R". P is the total number of stages of the RVQ, and,
generally,P << k.

c) Mapping back fromR” to the input spac&: The Rtuples are transformed

back to in the input space to give the reconstructed image of the input image.

RVQ partitions the input spade into M” Voronoi cells. The advantage of this
approach is that in obtainirld” partitions,the partitioning algorithmis runonly P times
and generateM partitions at each stage. In traditional VQ, the partitioning alganithil
run once but will creat®” partitions.For example, dr the binary case (two codectors
per stageM = 2) and a total of 8 stageB<8), RVQ only requires 16 searches. However,
ESVQwill require 256 searches. As a resnoiitthe multistage implementation of RV,Q
the exponential complexityn ESVQ is reduced to the linear complexiig RVQ.
Moreover, even the distortion dESVQ can be attained. In general, wstturally
constrained quantizationannot provide a performan@s good as ESVQ. However,
since they are able to more efficiently implement codes, larger vector sizes can be used,
and if carefully designed, cachieve better performance tha8VQ, when compared on
the basis of implementation cod®&l]. The comparison between ESVQ, TSVQ, and
RVQ is summarized in Figure 2.

Another question here concerns the optimality of RVQ. RVQ is said joiriiéy

optimal, also referred to as joint encoedcoder optimalif a local or global minimum
value of the average distortibn OO  0a ®HO O ® is achieved. Herek is

the encoderD is the decoderd D is a distortion metric, an® O is the expectation

operator. The necessary condition tloe joint encoderdecoder optimality ishat the
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Figure 2. Comparison of implementation costs of ESVQ, TSVQ, and RVQ.

the odevectorsy "Qof thep™ stage must satisfy the following condition:
" — T8

This condition is satisfied when the stage codevectors are the cemtroesdualsthat
areformed from the encoding decisions of bo#usalandanticausalstage421]. On the
other hand, if only causal stages are considered, then satisfying the above condition will
help achievesequentialoptimality. For the encoder case, it is not possible to design
optimal stages. Instead an overall global unconstrained encoder is designed, and then
individual encoder codebooks are designed for each stage by using-negagbor rules
that try to matchthe performance dESVQ with directsum codbook.

Because of the multiplstage structure in RVQ, it is possible to implement RVQ
with few codevectors per stage. This aspect of RVQ can be useful if the training data is

limited
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Having discussed the optalty conditions, and the generalesign and
implementatiorguidelines of RVQ, we nowurn our attention to the applicatiaf RVQ

for classification It is in this role that we seek to use RVQ in our research.

RVQ for Classification
The useof RVQ in classificationwas reported in Barnd22], [23], andin the
contextofimagel r i ven dat a mi nitreegs.used as a dataistaictuwedar k ,
RVQ stagewise codevectors The term sigmdree is used to differentiate the tree
structure of traditional TSVQs fTo better t h e
under st #areedlassifiere we ielate it with other w&hown areas of information
theory, pattern recognitionpd machine learning:
a) T h e-tred classifier can be compared to dimensionality reduction methods
such as Principal Components Analysis (PCA). PCA seeks to reorient the basis
vectors inR" and achieves compression by ignoring projected data components
withl east v a rreeaRVQ achievesAZompression by encoding a source
symbol with a lower dimensionalple
b) Ttree cladsifier partitions the decision sp&¢21] like other well known
classifiers such as neural networks, support vector machinesKandans
clustering algorithm. Further, note that neural networks partition the decision
space withhyperplanesor hypersurfacesdepending on whether or not hidden
layers are used. Support vector machines also partition the decision space, but
with maximum margirhyperplanesn a higher dimensional space. Like tke
means cl ust er itraegclassifiehtessedlates thehdecisién sgate

with K VVoronoicells.
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c) As already discussed, tihénde Buzo GrayLBG) algorithm is widely used to
design the encoder and decodreerclassiffer. a VQ,
This algorithm is similar to the weknown K-means algorithnj21]. However,

use of LBG design methods limit RVQs to typically only two stages. The greedy
nature of sequential LBG design techniques prevent larger numbers of stages to

be designed that give acceptable performance gains with additional stages.

Havingintroduced RVQwe now turn ta more comprehensive discussion on the

applications of VQ for classification and pattern recognition.
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CHAPTER 3

VECTOR QUANTIZATION -BASED CLASSIFICATION

Introduction

As discussed in Chapter 2, vector quantization (VQ) is a signal compression
technique. However, use of VQ for the representation of input vectors in terms of the
codevectors provides a natural basis for segmentation and classification. VQ partitions
the imput space intd/oronoi regions. The inputs are mapped to théseonoi regions
with calculable priorand conditionalclassconditional probabilities. Therefore, a test
input can be classified by applying the maximanposterioriprobability rule. As a
resut, VQ has become a relevant technique in speech and image recognition, and its
importance and applications are growjag], [29].

Vector quantization has been implemented in a variety of wayeiapplications
of classification and pattern recognitif80]. In one implementation, namely classified
vector quantization (CVQB1], a VQbased classifier is used as jpr@cessing step for
improved compression and signal representation. In learning vector quantization (LVQ),
the codevectors of the VQ are such placed in the input space that the classification
performance is maximizg@0]. In other words, the codebk is designed to approximate
the Bayes decision boundaries in the input space, and the compression performance is not
given the top priority. Vector quantization is also implemented by designing stage
codebooks, called multistage VQ (MSVQ). This implema@onh significantly reduces the
computation cost of the VQ. MSVQ is a general design methodology that can be used to

implement both CVQ and LV@30]. The latter is also called modified tree search VQ
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(MTSVQ). However, MTSVQ arealesigned to maximize both the compression and
classification performances of the VQ.

After briefly describing the various types of M§ased classifiersa more detailed
explanation of these implementations discussedoneby-one in the following

paragraphs.

Classified Vector Quantization

Classified vector quantization (CVQB1l] is a method for improvediata
compressiorperformance, not for classification. The focustegimprovedencoding for
data compressiotis to reduce degradation oértain features in the signals. For example,
in [31] CVQ is used encode the edges more efficiently than the other features in the
images.In CVQ, the VQ codebook is composed subcodebooksA sub-codebook or
equivalently a classpecific VQ encoder is designed by training the VQ on the images
from that particular clasdn CVQ, an input is classified before being fed to the-sub
codebook of that class for clasgecific encodingThe encoder has two egonents: (1)
classifier, and (2) encoder clasgecific codebookdn [31], CVQ is designed with the
primary function of edge enhancement in the input imagestly, the classifier
categorizes an input image into one of pnespecified classes. The petassified image
is, then, encoded by the VQ that is specifically designed for that dlassencoded
image is decoded by @ecoder The decoder is simplg lookup table that decodes the
encoded input image to produce therresponding reconstructed imagesSigure 3
illustrates thegenericfunctional blocks ot CVQ encoder There aréM classesand if the
input belongs to clask thei™ subcodebookC; of size is employed to encodthe

input, using a distortiormeasuréQ ID. A distortion measure is a measure of how close
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an arbitrary input is to the codevectors in the codebdokgeneral, the distortion
measures for different classes may be different. The tataiber of codevectors is

s B 0, with enoding indices ranging from 1 to.

Input
Vector
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®
-
=3
N
@D
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Figure 3 Classified vector quantization

The encodingindex of the nearest codevector is transmitted to the decoder. The decoder
simply looks up the corresponding codevector from its codebook oksam®lgenerags

the reconstructed image of the inpAn important factor in the design of the individual
codebooks is the optimal size of the codebooks for a given average distortion for the
respective class. It is shown that the optimal average dist@tior a gven class

specific codebook and the optimal codebook 8izer that class, is given as

vo

N WEETi DbdEO

whereD is the probability of occurrence of the images fromithelass. So, by trial and
error0 © and the correspondif@” can be found that satisfy the above condition. The size

of the codebook of a particular class implicitly assigns a corresponding weight to that

21



class. The higher the size of the codebook, the higher importance is given t@ages im
from that class

CVQ is based on a composite source model for images. This composite source
model, especially for edge perceptif8l], has a firm basis in the psychophysics of
humanvision system. In this model the immgource is viewed as a bank of class
specific image susources. It is assumed that each input image comes from one of these
classspecific image susources. Therefore, in the design of VQ codebook with this
model, a separate VQ codebook is designe@dch suksource. In other words, separate
VQ codebooks are designed for each class of the images using the LBG algorithm.

It should be noted thain [31] CVQ is a method for improved encoding
performance, not for classificati. The focus othe improved encoding is to reduce
degradation of edges in images. The classification is performed once per input vector,
and its complexity is negligible in comparison with that of the encoding. The encoding
complexity of the CVQ is grelgtreduced as compared with that of a regular VQ with the
same average distortion measuBenilar applications of edge enhancement using CVQ
are also reportechi[32] and[33]. However, in[32], the subcodebooks are designed with
the Fuzzy GMeans method34], and the CVQ subodebooks i{33] are designed the
same way as if32], but with a quadree preclassifier. Moreover, i133], the indices
generated by CVQ are used for the application of image retrieval. In the image retrieval
application, the images similar to a query image are retrieved lmased similarity
measure.

Other than the application of edge enhancement, CV(Qalsadeenintegrated

into a system designed for classification.[3], CVQ subcodebooks are designed on
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preclassified SIFT featurd8] of edges and smooth regions in theges in the training
set to generate bag-words (BOW) histogranfieatureq36]. After the CVQ step, SVM

[9] classifier is trained on ¢hBOW histogram features the two classes ithe training
set.In [37], CVQ subcodebooks are designed four classes: car, van, light truck, and
bus. Multilayer perceptron (MLAB8] is usedasthe preclassifierbefore CVQ. For a
given test image, the classembership is assigned to that class for which the

corresponding classpecific CVQ sulbcodebook gives the least reconstruction error.

Learning Vector Quantization

Learning vector quantitan LVQ was invented by Teuvo KohongB0]. Is a
supervisedrersion of vector quantizatian which the VQ codebook is designed with the
training data having known class associations, also called ladatadThe learning
techniquefor LVQ uses the class informatiai the labeled training data position the
codevectors such thtte quality of the classifier decisitmoundary improves.

The training method of learning vector quantization is often calbedhpetiion
learning, because it works aslfows: For each training dathe codevector that is closest
to it is determined. The direction of tlthange in the location of the codevector, also
called adaptation depends on whether the class of the traindaga and the class
assigned to theodevector coincide or not. If they coincide, tlkedevector is moved
closer to the traininglatg otherwise it is moved farther away. This movement of the
codeector is controlled by a parameter called ldening rate whichis usually made to
decrease monotonically with tim8ince the learning rate iswallydecreasing, thmitial

changesn the positions of theodevectorsare larger tharthe changes made in later
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epochs of the training process. Learning may be terminated when the positions of the
codevectors hardly change anymore.

The earlier implementation of LVQ has been carried out with multiple algorithms,
namelyLVQ are LVQ1, LVQ2, and LVQJ30]. These three algorithmgeld almost
similar accuracies in most statistical pattern recognition ta3k®1 and LVQ3 offera
more robustsolution to the optimization of class boundaries. The learning rate can be
optimizedfor quick convergence. However, LVQ3 differs from LVQ1 in the number
codevectors involved in the update of the class boundaries. In LVQ1, only the nearest
codevector is moved, but in LVQ2, two nearest codevectors, one belonging to the same
class and thetber belonging to a wrong class, are simultaneously updated. This process
is also calleddifferential shifting. LVQ2 al® employs differential shifting. However,
unlike LVQ3, the updateof the class boundaries is nataganteed to convergef the

LVQ2 algorithm is allowed to rumvera longperiod of time.

Advanced LVQ

The original methods for LVQare based onhé Euclidean distancen the
optimization of class boundaries. The Euclidean distance assumes certain geometric
properties in the training datahich, at times, may not be realisti€or this reason,
extensions of the methods to more gendistencefunctionshave been proposehat are
calledgeneralized LVQ (GLVQ})39], [40], and[41]. In theseGLVQ algorithmsdistance
function parameters are learned based on the given classification task such that a data
driven distancéunctionis found.Consequentlythe class boundaries are more accurately

drawn thatresults in a sigificant improvementin classification accuracyAnother
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critical advantage of GLVQ over the regular LVQ is that the increased accuracy in the
formation of the class boundaries is achieved with lesser number of codevectors.
Learning vecto quantization has been used for the classification of textual
documentg42], [43], whereLVQ network is usedfor classifying text documentdn
general LVQ require less training examples and amech faster than other classification
methods. The experimental results show thal M@ approach outperformisNN, and

is comparable to SVM

Modified Tree-Searched Vector Quantization for Classification

Because of the implicit connection between compoesand classification, VQ
can be considered as a framework which can be optimized to both compress and classify.
Two applications of this concept are shown

In [44], [45] compression and cladisation are combined in one single process of
codebook design in vector quantization (VQ). The method is generally referred to as
modified treesearched vector quantization (MTSVQ). As the name of the method
suggests, vector quantization is implementedhwreesearched vector quantization
(TSVQ). TSVQ is a multstage, sigmdree implementation of VQ. The reason to use
TSVQ over the regular VQ is greatly reduced computational complexity in TSVQ.
Furthermore, unbalanced TSVQ, which is a variabte codng method, can also be
employed. Unbalanced TSVQ generally produces lower average distortion than balanced
TSVQ. Trained data sets are used to design codebooks that achieve both small average
distortion measure and good classification performance.

Purelyfor compression, the codebook of TSVQ is designed by splitting the node

which reduces the average distortion until the average distortion reachespegfied
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value. However, in the design of MSTVQ, the optimization of TSVQ codebook is
modified to achiee good classification along with good compression. As mentioned
earlier, the efficacy of simultaneous compressiand classification has been
demonstrated through two apations:(1) Classification othe regionsof-interest in the
compressed images, dr{2) Enhancement of certain features in an image that are
important in some sense.

In [44], binary classification was carried betweaanmadeor natural structures.

The training set consisted of five 512 x 512 grayscale images of aerial photography of the
San Francisco Bay area. These images were provided by ESL, Inc. Each image was
divided into 16 x 16 sublocks. The 16 x 16 sdblocks were bBndlabeled as either
mantmade or natural. However, to further reduce TSVQ complexity, the codebook
construction based on the classified training set is done on a coarser resolution scale of 4
x 4 pixel blocks of the 16 x 16 suidocks. This coarse resolon could have affected the
classification of this classifier.

For the design of the TSVQ codebook, primarily two separate splitting criteria are
employed in growing the tree: 1) split the node that provides the largest ratio of decrease
in distortion b increase in rate. The distortion measure is the mean squared error. 2) Split
the node that has the greatest percentage of misclassified training vectors. This
corresponds to measuring the distortion by the hamming distance between the node class
and thehandlabeled class of the input training vector.

In general, the first splitting criterion provided the lowest distortion in the
encoded images at the cost of comparatively poor classification performance. The second

splitting criterion achieved better skification but poorer reconstruction. The choice
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between the two splitting criteria involves a traufe between rate and memory
requirements. The classification of TSVQ is compared against Classification and
Regression Trees (CART36]. From the results, it is concluded that the two classifiers
are generally comparable. CART performed better on original images. On the other hand,
CART performed worse on the compressed images.

In the application of image enhancement, regmfieertain classes are enhanced.

This is done by introducing weighted distortion measure. The basic idea is to achieve
better encoding of the regions belonging to certain clasfsiegerest assigning them
higher weights. MSE is used as a distortion meastigher weightsare assigned to the
classes that are deemed more imported. Similarly, the cllisgeseof lesser interest are
assigned lower weights in the distortion measure. Assigning higher weights to certain
classes contributes to higher distontimeasure for those classes, and, as a result, the tree
grows deeper for those classes, thus, achieving lower reconstruction errors for those
classes.

MSTSVQ have been tested on MRI scans, and textured data with vector
guantization done on nesverlapping2x2 and 4x4 sulblocks, respectively, in the
images[45]. For MRI scans, bright training vectors are weighted more heavily than dark
one. On comparison with nemeighted TSVQ, the weighted TSVQ encoded the bright
regions in lhe images better.

For the textured data, the training and test images were taken from USC database
[45]. Each image was divided intb x 4 nonoverlapping suiblocks. Highly textured
data were assigned lower weights, and highbmogenous vectors were given higher

weights. The test images showed clouds, a lake, and trees. A comparison of compressed
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images encoded from the weighted and-n@nghted tree showed that the cloud regions
had less distortion, whereas, the tree aressb tigh texture and, therefore, had more
distortion.

Another implementation of VQ that also uses rsilfige tree structure TSVQ
is called residual vector quantization (RVQ). RVQ has been used in the applications of
classification and pattern recognoiti [22] [23]. The focus of this thesis is also RVQ
based classificationA discussion onRVQ-based classifierss presented in thaext

chapter.
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CHAPTER 4

RESIDUAL VECTOR QUANTIZATION

Introduction

Residual vector quantization (RVQ) is a type of mslige vector quantization
(MSVQ). RVQ is implemented with a diresum codebook structurd.9]. Barnes in
[22], [23], and [24] used RVQ with direesum, and causalnticausal codebook to
demonstrate both lowevel segmentation, and hidével object recognition As
mentioned earlierRVQ is designed with stage codebooks with the disant data
structure that implicitly implemestthe RVQ book in airectly summedree structure,
also often calledi-tree. The directsum codebook of RVQ with its implicit tree structure

is shown inFigure4.

Direct-Sum
Codebook Design

' mMP MP '
\AAAAAANA e

Figure 4. Directsum codebook of RVQ with the mp | itreei structureM is codevectoper
stage andP is the number of RVQ stages.

Like MSVQ, RVQ decomposes an input vector stagee. This successive
decomposition starts from the first stage, where an input vector is mapgredrtearest
codeveabr in the codebook of the first stagehe mappingf the inputis done according

to some distance criterioBarnes in[21] and[1] used the measquareeerror (MSE)
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distance measur&he mapped atevector of first stage is then subtracted from its input
to yield aresidualvectorfor the first stage. The residual fed to the next stages the
input. The process continues for every subsegenstage, and the respective residual
vector is creted by subtracting the mapped codevedioof ther| stagefrom the input

of that stageThis process stops if either the last st&gis reached, or when the MSE
between the original input and the reconstructed input at a stage meetspagfied
threshold[19]. The reconstructed vector of the original input vector is obtained by
summing up the correspand «w codevectors of all the used stages. For alRistages

of RVQ, thereconstructed imagwof the original imagevis given as

®w B & hnv plthofs 8o .

RVQ partitions the input spade into M” Voronoi cells. The advantage of this
approach is that in obtainirld” partitions,the partitioning algorithmis runonly P times
and generageM partitions at each stage. In traditional VQ, the partitioning algorithm
would run once but created” partitions. For he binary case (two codectors per
stage,M = 2) and a total of 8 stageB<8), RVQ only requires 16 searches. However,
ESVQwill require 256 searches. As a result, the exponential complexity is reduced to the
linear complexity. In general, sitturally constrained quantizationannot provide a
performance as good as ESVQ. However, since they are able to more efficiently
implement codes, larger vector sizes can be used, and if carefully designadhiese
better performance tharESVQ with higher RVQ dmnensionality and fixed
implementation costd5].

One interesting consequence of RVQO6s

data is the progressive evolution of partitioning of the input space into Voronoi regions.
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RVQ aims at refining the data witach added stage. This procesals® equivalent to
refining the partitioning of the input by adding Voronoi regions with each added stage.
As a result, the class boundariegween the data of different categories are also refined,
making the classpecfic regions more and more compact, thus provide a potential for
improved accuracy in the classification of data.

The effect of the stageise refinement of data by RVQ on the Voronoi regions in
the input space is explained with the example illustratef@igare 5a. In this example,
three clusters of linearly separable 2D data points are considered, shBignrabain
red, blue, and black. RVQ codebook is designed on the data pointsMwith 3
codevectorperstage andP = 8 stages.The Voronoiregions, with the direetum
codevectors as the centroids of these regions, are showh 08 and the values &
starting 1 to 8lt is to be noted that the number of diream codevectorst a givenn™
stageis M", equivalentlyM" Voronoi regionslt can be seen that féigure5b, M = 3 and
stagen =1, the number of the corresponding direaim codevectors, shown as blue dots,
and the Voronoi regions 1" = 3' = 3. Similarly, for stage = 2, there aré/"= ¥ =9
directsum codevectors and Voronoggions. Likewise, for the remaining values of
g¢n oftFEE B ), the number of the diresum codevectors and the Voronoi regions
is M" in Figure5c. It can also be observed that withchadded stage, the representation
of the data improwe Furthermore, the class boundaries between the three classes are also
progressivelyefined after eacbuccessivstage.

It has been shown that the successive refinement of data through thevisege
implementation of RVQ codebook can also aid in pregjke improvement in

classification of the data. Therefore, the intrinsic structure of RVQ codebook holds
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immense potential in its use as a classifier.
Residual VectoQuantizationBased Classification
The useof RVQ for segmentation andassificationwas reported in Barnd22],
[23], and[24]. As mentioned earlieRVQ is designedwith stage codebooks with the
directsum data structure that implicitly implement the RVQ book in a tree structure, also
often calledal-tree To bett er -treem dassifier,twa nethte it with other
well-known areas of information theory, gatt recognition, and machine learning:
a) T-tiee classifier can be compared to dimensionality reduction methods
such as Principal Components Analysis (PCA). PCA seeks to reorient the basis
vectors inR and achieves compression by ignoring projected data components
wi th | east -treeaRVQ aahievesscomprassian by encoding a source
symbol with a lower dimensionalple.
b) T-tiee cla$sifier partitions the decision spa&elike other well knavn
classifiers such as neural networks, support vector machinesKandans
clustering algorithm. Further, note that neural networks partition the decision
space withhyperplanesor hypersurfacesdepending on whether or not hidden
layers are used. Supporéctor machines also partition the decision space, but
with maximum margirhyperplanesn a higher dimensional space. Like tke
means cl ust er ireegclassifieh tessedlates thehdecisién spdte
with K Voronoicells.
c) As already discusdethelLinde Buzo GrayLBG) algorithm is widely used to
design the encoder and decodreerclassiffer. a VQ,
This algorithm is similar to the weklnown K-means algorithnfi20].

d) The stage indice®-tuples r et ur nteeclabsifier cah e usied to
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probabilisticallydetermine class membership. The size of dmategk of the RVQ

can be manipulated to implement effective malléiss classification. The multiple

st ages -tred clagsifiee suggest a coarse to fine classification route, i.e.,

successive approximations.

So far the use of RVQ as a classifier has relied on heuristic m¢g®jdR23],
and[24]. The class decisions are made stegge by applying maximuraposteriort
probability (MAP) rule onthe classification results aach stage, thus yielding stagese
MAP class decisions. The final class decision is made by assigning the input to the class
with the maximum MAP. This method, thgh heuristic, exhibits the stagase
contributions of RVQ to classification.

However in this method, classification performamneigh optimal rejection of
false alarm is not guarantedtithe stagewise decision making of RVQ is extended to
include more than one stage considered togetRfQ-based classification can
expectedly be madmorerobustwith increased performanc&he aim of this research is
to explore the Bayesian framework to formulate a solution for robust-BA&@d
classification, optimal in themaximuma posterioriprobabilistic (MAP) senseover
multiple RVQ stagesMoreover, to exploit the efficient diresum multistage structure
of RVQ, the Markov approach is also explored to make the fR¥€g¢d classification
cost effective.

The next step in this research is to design a method that could integrate the stage
wise contributions of RVQ into a robust solution to classification. This is the topic of this
research. Bayesian framework provides the capacity to deliver a structucarthabdel
the combinedstagewise class decisions of RVQ to give an elegant Rd&3ed classifier,

optimal in the MAP sensia a way that spans all RVQ stages
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CHAPTER 5
MARKOV -BAYESIAN RESIDUAL VECTOR QUANTIZATION -

BASED CLASSIFICATION : PRELIMINARY RESEA RCH

Introduction

The applications of Residual vector quantization (RVQ) in classification and
segmentation were first reported in Barfi2], [23], and[24] on image di&abases. These
applications of RVQ have been explained in Chapter 4. The contribution of this research
is the formulation of a framework for RVQ to combine the individual stage classification
results together into a joint classification decision rule allethe stages of RV@sing
multiple stage MAP decision ruleln this thesis, this classification framework is referred
to as Markov residual vector quantization (MRVQ).

MRVQ is tested on a variety of standard image datasets such as Caltptrn101
Graz[48], andhandwriting[49], [50] datasets. After conducting a number of experiments
on these datasets, it is empirically noted that the classification of MRVQ is upper
bounded by NN classifier with MRVQ typically approaching within XX percent of 1
NN performance with MRVQ orders of X>XHowever, RVQ holds a clear advantage over
1-NN in the implementation cqgstypically returning computational costs savings of XX
orders of magnitude and XX orders of magnitude in memory costs

MRVQ is implemented with two different schemes: Featgent rule, and
Bayesian rule. Thaatter is also termed as Mark@ayesian RVQ (MBRVQ). These two
schemes for implementing RVVRased classification and the preliminary research that led

to the development of these two methods are explained next.
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Markov -Bayesan RVQ Classification

As explained in Chapter 4, the encoding process of RVQ is equivalent to
partitioning the input space into Voronoi regions. The mapping of the training dataset can
determine the classonditional probabilities for each class of datdhe dataset. In other
words, for each class, a classnditional probability can be assigned to each Voronoi
region, and the Voronoi regions can be labeled with a class decision by applying
maximumapriori probability (MAP) rule. As a result, any tespurt, which maps to any
of the labeled Voronoi regions, or equivalently to a diseoh RVQ codevector, can be
classified into one of the classes by applying the MAP rule.

However, to apply the MAP rule to RVQ, it entails that all the Voronoi regions be
labeled. For RVQ withM stages andP codevectorsperstage M” Voronoi regions have
to be labeled. IM=4 andP=8, £ = 65536, Voronoi regions tessellating over the input

space have be labeled for the MARsed classification rule, as showrFigure 6 bebw.

M=4,P=8
MP = 48 = 65536 regions
to be labeled

Figure 6.M" = 4° = 65536 Voronoi regions generated kér4, P=8 RVQ.
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The number of Voronoi regions to be labeled exponentially incfeasecreasing values
of M andP. Consequently, the memory required to store all the labels can become very
large.

One way to reduce the cost associated with RdéQed classification is to impose
Markovianityon the stages of RVQ. By doing so, the t®Ratumber of stages of RVQ
can be dided into groups oN independent stages, whéfecan be made to vary from 1
to P. N is called the Markov order of the RVQ classifier. With this formulation, a local
class decision can be achieved for each groul widependent stages. The local class
decisions can then be combined together to give the final class decision. The
classification cost, because of the Markov structure on the RVQ, is expected to be as
follows:

Classification Cost Order(M"), whereN < P, & M" << MF.

The Markov structure imposed on the RVQ is illustrateigure 7 below.

Markov Order =2

Partial Class-decision _1

Partial Class-decision _2

Partial Class-decision _k

Final Classdecision =F(Partial Class-decision _1 Partial Class-decision _2 é , Partial Class-decision k)

Figure7. Markov structure imposed on the stages of RVQ for claadit
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The mathematical formulation of R\VQased classification is done using the Bayesian
framework along with Markovian structure imposed on the stages of RVQ. The
mathematical treatment to the classification using RVQ is given as follows.

According to the Bayes0d AandR theposteriof or
probabilityd 8% is

v ., LODOO
VOR L T

8
Under the Bayesian framework, RMéased classification can be modeled as the

posterior probability

Gouﬁ)ufodEmuﬁI)Gd)S 1)
0 6 oD ¢ GE M ®

@ is the class decision witlo N @hbOFE R , and"'Q plfofE K5 . The total
number of classes &. 6 wis the stage codebook at the stage, with) N pltfofE D |
whereD is the total number of RVQ stagéscoN 6 o o ofE [ & , whered @
is thed  codevector in the stage codebook at the stage, andi ¥ pltiofE R

where 0 is the number of codevectors in a stage bodk of RVQ. It is assume is

equiprobable, and

~

0 6 B @ WdE M o D6 ® O600°YYdOY

whered & 6 ofd ofd «fE M & . Therefore, the posterior probability in Equation (1)
can be reduced as follows:

0 0D D ofd FE M 0 8 0 6 o ofd e M oo .
As a result, the class decisiGhis given as

S O QA G O e B e . (2)
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As mentioned before, Markov structure if imposed on the RVQ classifier,
modeled with the Bagsian framework of Equation (2), can reduce the implementation
cost of the RVQ classifier. When Markov condition is imposed on the stages of RVQ, it
is based on an assumption that the classification at given RVQ stage is dependent on the
classification reslts of a certain number of previous RVQ stages. The Markov order
determines the number of dependent RVQ stages. If Markov order is zero, the
classification results of every stage are independent of each other. Similarly, for Markov
order equal to one, thelassification at a given stage is dependent only on the
classification at the previous stage. A useful consequence of the Markov condition is that
a given dependent on the corresponding previous stages becomes independent of the
higher stages of RVQ. Thefore, to get the final class decision, the independent
classification results are simply multiplied together to get the solution.

To explain the formulation of Markov structure on Equation tfiy,mathematical
development is shown on & ¢ o ofE M @, and it will be extended to the
likelihood function0 6 o oid ¢fE M c&d in Equation (2). The Markov model is
shown as follows:

According to the Markov chain rule,

DO A BES ® 060 6 ©O 6 CdOM WO 6 6 b ¢d @ E

0" Markov order,

0 6 ¢ o ofE 5 @ 06wd6wdHEWO6WddwddwED 6 w,and

0 6 b s GFE RS ey 0 6 gD 6 Gl 6 el 6 Gl 6 Gl E

0 6 GEHE T 6
The 0™ Markov order in Equation (3) means tfitas assumed that th@ass decisions

made at each stage are independent of each other
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1% Markov Order,

0 6 ahd D @B o

080 6 g A0 8 6B OO 6 i @0 8 6B & 8
06wdw ,and

0 6 o ofd GFE M a0 6 Al 6 (56 a0 6 o afupd 6 o afun 8
00 O WLpHEL 6 0 © ho.

By merging the first two shaded probabilities into the respective joint probability, the
above eqation carequivalentlybewritten as

b 6 i o o b cxdhy

8 8 gl 6 c® Wil 6 @B il 8 o dimE
E o

0
06w w .

The 1* order Markovin equation 4) implies thateachstagecodevector isssumed to be
dependenbnly onthe previous stage

2" Markov Order

06 b adBad @ 06 M0 6 HO 6 (%0 B MHO 6 6 Wb wE

b Mo 8

C-

By merging thdirst three shaded probabilities into the respective joint probability, the above
equation becomes

0O WO BES @ 066 A6 MO 6 ®88U6WH D Mo 8

a" Markov order

The classconditional probabilityd 6 cido D of8 5 «ao can be generalized for an

arbitrary Markov order as follows:

and the classonditional probabilityd 6 iy «fd of8 &5 cad for the ¢ Markov order is

0 6 b chd B M cad 0 6 76 A8 FE & & 06w M Mo fedd s 1
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For a given Markov ordegq, there areg+l consecutive RVQ stages involved in the
calculation of independent class condition probabilities. Thedestages are shaded in
Equation (4), above. The diregum codevectors formed out of thegel stage
codevectors are termed Bfarkov directsum sub-codevectors and the corresponding
indices are calleMarkovsubtupples The Markov order cannot be greater tiRah. The
Bayesian classification rule, in Equation (2), together with the Markov condition, in
Equation (4), is termed as Mark@ayesian RVlassifier.

A functional block diagranof RVQ-based classifier using the MAP rule, also

termed as Bayesian RVQ classifier, is showRigure 8, below.

Input

Bayesian-RvVQ
Classifier

\ P(CV/c;)  P(CV/c,) P(CV/cy) P(cV/c,) |
f

!

Aposteriori
Prob

!

Class Decision

Figure8. Bayesian RVlassifier
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Proof of Concept: Linearly Separable Synthetic Dataset
The algorithm for the MarkoBayesian RVQ classification is tested and
illustrated on a test dataset consisting of three classes; namely Class 1, Class 2, and Class
3, as shown ifFigure9. RVQ hasM = 2 codevectorperstage andP=8 stages. Markov
order 5 zera In the zerotkorder Markov RVQ, the stage class decisions of RVQ are
assumed to be independent of each other. The test and training datasets for each class are
drawn from the same Gaussian distribution. The number of training data points for each

class is 1000, and the number of test data points per class is 10000.

140 T T T T T T T 160

140

Class 1 Class 2 Class 3
TestP-tuppl
;tggf cv | el et | el ot | o estr-tupple
p=1 1 0 0.98 | 0.02 1 0.002| 0.998 1
p=2 ] 0 1 1 0 J0.006[0.994 2
=3 ] 0.69 | 0.31]0.138| 0.862] 0.538( 0.462 1
p=4 ] 0.544| 0.456) 0.508| 0.492] 0.374| 0.626 1
p=51] 0.46 | 0.54 ] 0.494| 0.506] 0.496| 0.504 2
p=6 ] 0.524| 0.476] 0.556( 0.444] 0.542| 0.458 2
p=7 § 0.488]| 0.512] 0.462| 0.538] 0.494| 0.506 1
p=8 ] 0.532| 0.468] 0.532| 0.468) 0.51 | 0.49 2
P(CV|Class1) P(CV |Class?2) P(CV |Class 3)
0.522 o.(_)oo 2.2_ e®
(c)

Figure 9. Synthetic dataset ohitee classes, (a) Trainirggt. (b) Test set. (c) Classnditional
Transition Probability Matrix of the three classes.
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It can be seen ikigure 10athat the training data points of the three classes are
not overlapping. However, the test dataset of these classes is overlagpaigvwa in
Figure 10b For each class, the classnditional probabilities of the data points mapping
to each codevector in the RVQ codebook are calculated by determining the frequency of
mapping of the classpecific training data points to each codeveetoevery stage. It is
to be noted that the RVQ stages are assumed to be independent; hence the Markov order
is zero. The classonditional probabilities are tabulated into a table called €lass
conditional Transition Probability Matrix, as shown Figure 10c, and in general the
table is referred as transition probability matrix

For the testP-tuple of an encoded test data point, shown on the right side of
Figure 10¢ the corresponding clagsenditional probabilities in the transition probability
matrix are highlighted for each class. As per the condition ofzérethMarkov order,
the posterior probability for each clags  thr he M8 & sl is calculated by
multiplying together the highlighted individual classnditional probabilitiesAs per
Equation (2),the class decision is made by applying MAP on these -ctasditional
posterior probabilities. In this example, the MAP rule yields Class 1 as the class

membership of the test input. The overall accuracy for this synthetic testt i @8%.

Proof of Concept: Linearly Non-Separable Synthetic Dataset
In a series of experimentBayesian RVQ classifier is also tedbn linearly non
separable synthetic data to see how it performs on a more complex datesety non
separableéSwissroll dataset, as shown indare 10, 12 and 4, is formulated to test the
classifier. In this dataset the tvdimensional data points belonging to different classes

are arranged in concentric spirals. The experiments on these datasets are divided into two
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Figure10. SyntheticSwiss roll trainingdataset of twalasses to test and illustrate Bayesian RVQ
classifier
separate cases. In the first case, binary classification is performed on the dataset shown in
Figure D. The data of the two classes are marked Class 1 and Class 2 on the figure. It
can be seen that the data from the two classes are spaced apart with no overlapping
between each other. On the other hand in the second case, the {Baglesian RVQ
classifier is trained and tested on the Swiss roll dataset shoRigure12 and 4. The
main difference between thiatasets of thevo cases is that in the second experiment the
data from the multiple classes is not spaced apart as in the first case. Moreover, apart
from the binary dataseFigure 2) in the second case, the classifier i®dksted on the
Swiss roll dataset drawn from four classes, as showigiure 4. The value of these data
points ranges between 0 and 255, and the number of training and test data points is 1600
data points for each class. These points are drawn fronsi@awistribution with means
on the spirals of the Swiss roll. The two cases are discussduy-ame as follows.

In the first caseRVQ codebookwith M = 4 andP = 8is designed and trained on

the training data shown ifigure D. The training is compte when all the class
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conditional probabilities in the Classnditional Transition Probability Matrix are
calculated for theerothMarkov order, as shown ifiable 1 For the given training set,

the distribution of the direetum RVQ codebook is shown fgurella The directsum
codevectors the training points mapped to are shown in red and the rest of theudirect
codevectors are marked in blue. The test dataset drawn for the two classes is shown in

Figurellb.

Tablel. (a) Classconditional Transition Matrix with Markov order = 0. (b) Error matrix.

Stage Classl Class2
1 [0.25 ,0.27,0.20,0.28] [0.28,0.28,0.19,0.26]
2 [0.12 ,0.31,0.28,0.29] [0.16,0.31,0.26,0.27]
3 [0.28 ,0.06,0.38,0.29] [0.23,0.29,0.23,0.25]
4 [0.18 ,0.28,0.24,0.30] [0.22,0.21,0.31,0.26]
5 [0.31,0.18,0.24,0.26] [0.24,0.25,0.27,0.23]
6 [0.001,0.35,0.29,0.4 [0.02,0.34,0.31,0.34]
7 [0.39 ,0.23,000,0.38] [0.36,0.29,000,0.36]
8 [0.002,0.34,0.26,0.4 [0.04,0.29,0.36,0.31]
(a)
Class 1| Class 2
Class1| 1250 770 2020
Class2| 350 830 1180
1600 1600 3200
(b)

300

) ; 20 0 I 200 2% 20 0 i 100 160 0 250
(a) (b)
Figure 11. (a) Directsum codevector mapped by the training set shown in red, the remaining

directsum codebook shown in blue. (b) Test dataGleiss1 shown in blue, and Class 2 shown in
red.
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For thezerothMarkov order, the classification performance of the Bayesian RVQ
classifier is shown in the error mat{&1] in Table 1b Error matrix is also often called
confusbn matrix or a contingency table. To assess the accuracy of an image
classification it is common practice to create a confusion matrix. In a confusion matrix,
the classification results are compared to additional ground truth information. The
strength ofa confusion matrix is that it identifies the nature of the classification errors, as
well as their quantities. Performance of such systems is commonly evaluated using the
data in the matrix. Commonly, the class names appear in the first column andt time firs
same order. The rest of the numerical entries in the matrix, except the entries in the last
row and the last column are the classification results for each class. The diagonal
classification results are the correctly classified test images, alsd talépositivetest
images for the corresponding class. The-prasitive entries in the matrix add up to the
total number of test images. The performance measures that are calculated from the error
matri x are user accur aclyaccurpcy. skuacceracgaftheac c ur
classification of a certain category is the ratio between theptrsitive classification and
the tot al number test iIimages assigned to t
is the ratio between the trp®stive for that class and the total number of actual test
images from that class. Overall accuracy of classification is the total number -or true
positive classification divided by the total number of test images. These three
performance measures are commafigwn in percentages.

The user 6s, pr oduc er thetestdatm showvminé&iguaelld acc
are calculated as follows:

Classl User 0s Ac c u=rlas6/3020 =61.88%
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Class2 User 6 s Acc u=r &30/y180 =70.34%

s =Al256/1600 =78.12%

(@}

Classl Pr o d u agracy

(@}

Class2 Pr oducer 6s =A830/l600acy =51.88%

Over all Accuracy = (1250 + 830)/3200= 65.00%

The same training and test datasets are also used to evaluate the classification
performance of RVQ for Markov order equal to one. The corresponding -Class
conditional Transition Probability Matrix and error matrix are showmable 2 The

classification prformance measures calculated from the error matrix are as follows:

Classl User 0s A=l248 1882 y =67.81%

Class2 User 6 s A=l0l0m36c y =73.88%
Classl Producer 6s Accur a=/y69% 1243/ 1600
Class2 Pr oducer 0s /1800cur a=63.12% 1010

Over all Accuracy = (1243+1010)/32800.41%

From Table 2,it can be seen that at Stapehere is only one classonditional
probability associated to each codevector at this stage. Each probability is the gyobabil
of an input mapping to the respective codevector at Stagjewever, from Stage to
Stage8 four probabilities are associated to each codevector at a stage. The probability
distribution in the table above is illustrated with #tolowing example.For Classl,
Stagel, Columnl (shown in bluein Table 3; the first topmost probability is the
probability of input mapping to Codevectdtls and 1 of Stagé and

Stage2, respectively. Similarly, the second probability is the probability of the thatit
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Table2. (a) Classconditional Transition Matrix with Markov orderZX (b) Error matrix.

Stages Class1 Class2
1 [0.2533] [0.2651] [ 02034] | [0.2782] l| [0.2777] | [0.2756] | [0.1863] [0.2605]
0.0505 0.0735 0.0807 0 0.0660 0.0639 0.0880
) 0.0577 0.0584 0.1312 0.1017 0.0887 0.0419 0.0454
0.0919 0.1037 0.0039 0 0.0825 0.0330 0.0976
0.1115 0.0420 0.0735 0.0529 0.0763 0.1189 0.0433
0.0696 0 0.0269 0.0249 0.0110 0.0598 0.0275 0.0289
5 0.1070 0.0433 0.1024 0.0591 0.0529 0.0770 0.0570 0.1010
0.0413 0.0112 0.1115 0.1135 0.0344 0.0687 0.1141 0.0735
0.0604 0.0046 0.1365 0.0879 0.1326 0.0866 0.0302 0.0447
0.0217 0.0906 0.0623 0.1037 0.0804 0.0612 0.0557 0.0674
4 0.0020 0.0157 0.0203 0.0210 0.0076 0.0131 0.0137 0.0275
0.0932 0.1017 0.0525 0.1299 0.0770 0.0852 0.1347 0.0866
0.0636 0.0735 0.1063 0.0420 0.0515 0.0495 0.1072 0.0818
0.0564 0.0472 0.0466 0.0302 0.0522 0.0440 0.0351 0.0488
5 0.0873 0.0289 0.0781 0.0873 0.0515 0.0866 0.0859 0.0460
0.0787 0.0413 0.0499 0.0715 0.0591 0.0543 0.0694 0.0577
0.0912 0.0617 0.0696 0.0741 0.0790 0.0687 0.0818 0.0797
0.001 0.0866 0.1299 0.0965 0.0027 0.0997 0.1107 0.1072
6 0 0.0308 0.0571 0.0912 0.0096 0.0619 0.0515 0.0605
0 0.1030 0.0348 0.1063 0.0048 0.0825 0.0687 0.0900
0 0.1299 0.0715 0.0617 0.0007 0.0921 0.0742 0.0832
0 0.0007 0.0007 0 0
. 0.1181 0.1017 g o g(.)l%oe 0.1395 0.0948 0.1175
0.1483 0.0374 Nt 0.0969 0.0845 0.1141
0.1260 0.0886 : 0.1216 0.1065 0.1237
0 0.1529 0.1004 0.1391 0.0144 0.1230 0.1258 0.1271
8 0.0020 0.0374 0.0735 0.1155 0.0076 0.0639 0.0955 0.0653
0 0 0 0 0 0 0 0
0 0.1437 0.0807 0.1549 0.0124 0.1065 0.1368 0.1216
(@
Class 1| Class 2

Class 1| 1243 590 1833

Class 2 357 1010 1367

1600 1600 3200

(b)
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mapsto Codevector and 1 of Stagé and Stage, respectively.

Similarly, for Classl, Stage8, Columnl (shown in greenn Table 2) the first
topmost probability is the probability of input mapping to Codevedtand 1 of Stag&
and Stage3, respectivly. The second probability is the probability of the input mapping
to Codevector® and 1 of Stag& and Stag®, respectively.

For a given class, the probabilities across all the codevectors at a stage add to one.
For examples, the probabilities shadednge in the Transition Probability Matrix above
add to one.

Moreover, the probabilities at stage 7 that are shaded red indicate that there is no
mapping of any data, belonging to either of the two classes, from any codevector from
Stage6 to CodevectoeB of Stage?.

As mentioned earlier, in the second case the MaBayesian RVQ classifier is
trained and tested on a Swiss roll dataset where the data drawn from multiple classes are
not spaces apart. They overlap with each other to some degree, asrskhguna 2 and

Figure 14

250

Figurel12. Training datase€lassl data is in blue, Class2 data is in red
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RVQ with M=4 andP=8 is trained on the dataset shownFigure 2, and the
corresponding Classonditional Probability Matrix for Markov order ranging frddrto
P-1 = 7is also calculated. The data from the first class, namely -Qlassshown in blue,
the data from the second class, called Ckss shown red in thégure. The Markov
Bayesian RVQ classifier is tested on the binary data drawn for the same distribution as
for the training data. The number of test data points is 1600 samples for each class. For
this setup, the Overal | ted mBigure B.oTHeuMakovd s a C
order varies fronD to P-1=7. The classification performance of this RVQ classifier is
benchmarked against the performance dfiehrestNeighbor (ENN) classifier, also
shown inFigure B. In 1-NN classification, the class memnship of a test data point is
determined by the class membership of the nearest training data. Like in RVQ, Euclidean
distance is the measure of nearness useeNN.1Iit can be seen that the performance of
the MarkovBayesian RVQ classifidvegins to apmach the ANN classifier performance

from thefourth Markov order onwards.

| ; — Overall Accuracy
/ — Producer's Accuracy Class1
% i |— Producer's Accuracy Class2

: : : 1-NN Overall Accuracy -

i |==== 1-NN Producer's Accuracy Class1
i _|=== 1-NN Producer's Accuracy Class2

w
[=]

Classification Performance in %
¥ 8 &
1 1 1

=
(=]
T
I

3 4
Markov Order

(=]
o
LS}

Figure13. Classification performance curves focatergory Swiss roll dataset.
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In this experiment, it was noted that as the Markov order increased, test inputs
startedmapping to unused Markov direstim subcodevectors. Equivalently, the test
inputs were mapping to unused dirsaim codevectorstigure 6 in Chapter 5Sillustrates
the distribution of a direesum RVQ codebook. The unused dirsam codevectors after
the training phase are shown in blue in the figure. An adverse implication of the test
inputs mapping to unused is that the corresponding Voronoi regions dadeled.
Therefore, MAP rule fails to yield a classembership decision in such cases. To avoid
this scenario, the encoding of a test input is subjected tcetiBrof-experiencq RoE)
constraint. ROE constraint ensures that a test input is always assigned to the Markov
directsum subcodevector that is used by the training set. This assignment s nyad
searching over the nearest Markov direein subcodevector used by the training set.
Howeer, this ROE constraint adds an extramputationalcost to the RVGbased
classification. If|T| is the size of the training sek,is the dimensionality of theput
space, an® is the Markov order; then the computational dmgtthe RoE constraint is
(P-O)K[T| in the worst case scenagnehere the search for the nearest Markov disech
subcodevector has to be carried out for all tdarkov subtuples

The Markovw-Bayesian RVQ classifier is also tested on a Swofsdataset
comprising four classes. The training dataset is showkigare 14 Similar to the
previous dataset, the data from the four classes, namely-Tl&ass2, Class3, and
Class4; are down in blue, red, black, and yellow; respectively. The classification
performance of the MarkeBayesian RVQ classifier is plotted and benchmarked against
1-NN classifier inFigure 15 The classification performance is plotted for Markov order

ranging fran 1 toP-1 = 7. Again, it can be observed that the classification performance
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Figurel4. Training datasdbr 4-category classification using Bayesian R\@ass1 data is in
blue, Clas data is in redClass3 is in black, and Classis in yellow.
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Figurel5. Classification performance curves #rategory classification using Bayesian RVQ.

of the Bayesian RVQ classifier begins to converge to the performanchfclassifier

from fourth Markov order onwards.
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Proof of Concept: Image Dataset

After testing on synthetic data, image dataset is used to evaluate the performance
of MarkowBayesian RVQ classifier. Images of three different categories from
Caltech101 image databage] are used for the evaluation purpose.His t3-category
case, the classes are Plane, Car, and Motorbike. The size of the images in this database
varies from approximately 150x350 pixels to 200x400 pixels. All the images are resized
to 150x250 pixels for the RVQ classifier. The typical images ftbese data sets are
shown inFigure B. RVQ codebook is designed using the training dataset having 100
images for each class. In the test dataset, Plane, Car, and Motobike classes have 148, 87,
and 256 images; respectively. To see the effect of varyingoau of codevectorper

stage on the classification performance of Markov Bayesian RVQ classifiewvaried

Plane Car Motorbike

Figure16. Training dataseor classification using Markov Bayesian RVQ with Markov order.
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from 3 to 5 codevectoigerstage. The number of RVQ stagesPiss 8, and the error
matrices and Classonditional Probability Transition Matrix favl = 3,M =4, andM =5

are shown ifmable 3 and Table 4espectively.

Table3. Error matrces for (aM=3 andP=8, (b)M=4 andP=8, (c)M=5 andP=8; Markov order = 0

Class | Plane| Car| M6 b i
Plane | 110 6 8 124
Car 34 | 81 1 116
MO b i 4 0 247 251
148 | 87 256 | 491
(@)
Class | Plane| Car| M6 b i
Plane | 126 | 15 4 145
Car 22 | 72 2 96
MO bi|l O 0 250 | 250
148 | 87 256 | 491
(b)
Class | Plane| Car| M6 b i
Plane | 110 | 11 6 127
Car 30 | 76 0 106
M6 bi| 8 0 250 | 258
148 | 87 256 | 491

(€)

The overall accuracy calculated from the error matrixMor 3 is 89.2%. It peaks
to 91.2% forM=4 before decreasing to 88.8% for M=5. It suggests that the RVQ
classifier yields the best fit fdvl = 4, andbeginsto overfit forM = 5 codevectorper
stage.

More preliminary experiments are also conducted to guage the classification
performance of RVQ@s a binary classifier. The Caltech 101 dataset, as shokigure
17, is used. For the purpose of binary classification, the following three separate RVQ

classifiers were designed each with its own codebook
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Table 4.Classconditional Probability Matriesfor (a) M=3 andP=8, (b)M=4 andP=8,
(c) M=5 andP=8; Markov order = 0.

Plane Car Motorbike
Stage| CV! [ cV2 | CV°® cVi | cv?| eVl cvt|cv? | eV
p=1 | 0.06| 0.5 [ 0.44 0 1 0 0.91] 0.03| 0.06
p=2 | 0 |0.74]| 0.26 0 |0.361/0.639 | 0.22|0.38| 0.4
p=3 [0.46]0.53]| 0.01| [0.6390.028 0.33| | 0.32 0.55| 0.13
p=4 [0.26]0.29]| 0.45| | 0.33(0.47200.194 | 0.04( 0.35| 0.61
p=5 | 0.3 ]0.18| 0.52| [0.1390.417 0.44| | 0.35( 0.38| 0.27
p=6 | 0.3 ]0.18| 0.52| | 0.33[0.417 0.25| | 0.29( 0.38] 0.33
p=7 | 0.3 ]0.24]| 0.46| | 0.33[0.278/0.389 | 0.27( 0.27| 0.46
p=8 [0.29]0.37| 0.34| |[0.167] 0.25|0.583 | 0.09( 0.49]| 0.42
(@)
Plane Car Motorbike
Stage| CV* [ cV? | c\V2 | cV* cV|cv?|cv|cv cVi|cv | cv| eV
p=1 | 0.08|0.27| 0 |0.65 0 1 0 0 0.86| 0.03| 0.1 | 0.01
p=2 [0.15]/0.17| 0.55( 0.13 0 |0.44(0.361]0.194] | 0.16{0.36]| 0.18| 0.3
p=3 | 0 | 03| 03|04 0.1390.167 0.22(0.472 0 | 0.40.29|0.31
p=4 [0.23|0.02| 0.31| 0.44]| [0.139 0.22| 0.33|0.306 | 0.17]|0.18(0.34| 0.31
p=5 [0.19]0.11| 0.42| 0.28]| [0.3890.361{0.0830.167 | 0.08]| 0.31| 0.12] 0.49
p=6 [0.24]|0.26| 0.29( 0.21]| |0.22]|0.25(0.167]0.361] | 0.17]| 0.13| 0.27| 0.43
p=7 [0.16]0.26| 0.37( 0.21]| |0.22|0.167/0.1940.417 | 0.26] 0.18| 0.25| 0.31
=8 [ 0.14] 0.29] 0.16| 0.41| |[0.167] 0.25|0.2780.306 | 0.31| 0.17] 0.24| 0.28
(b)
Plane Car Motorbike
Stage| cVt | cV? | cVB | cv* | V@ cVi|cv?|cv|cv| e cvi|cv e |cev| e
p=1 | 0.08/0.31]| 0 0 |o061 0 |o583 o |0.417 o 0.86|0.02[ 01| 0 |o0.02
p=2 | 0.06| 0.06| 0.06] 0.49| 0.33 0 |0.33|0.22|0.056{0.389] | 0.16] 0.17] 0.19] 0.05]| 0.43
p=3 [ 0.16| 0.14| 0.25| 0.16| 0.29| [0.028/0.167 0.25| 0.33] 0.22 0.04| 0.2 [ 0.22] 0.23] 0.31
p=4 | 0.18] 0.12| 0.34]| 0.14| 0.22| [0.278] 0.25|0.167[0.167]0.139| | 0.12| 0.25] 0.34| 0.18 0.11
p=5 | 0.24| 0.06| 0.16]| 0.22] 0.32 0.25(0.139/0.194|0.194| 0.22 0.25| 0.18| 0.15| 0.24| 0.18
p=6 [ 0.17|0.14|0.11]| 0.35| 0.23 0.22| 0.25(0.194| 0.22] 0.11 0.21] 0.19( 0.09| 0.23] 0.28
p=7 | 0.06| 0.18] 0.15]| 0.31| 0.3 0.083| 0.22| 0.11| 0.25| 0.33 0.02] 0.19| 0.22| 0.27| 0.3
p=8 [ 0.19) 0.25| 0.18] 0.13]| 0.25 0.25[0.083]0.139/0.306| 0.22 0.15| 0.26| 0.12] 0.18] 0.29

(€)
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(a) Planevs-Rest.

(b) Carvs-Rest.

(c) Motorbikevs-Rest.

Support vector machines (SVM) based classification was also done using the
same training and test datasets to compare its classification performance against the
binary and multiclass MarkovBayesian RVQ classifiers-\is-rest scheme was used to
implementthe SVM classifier with the quadratic kernel. Trable 5,the producer
accuracies for each classifier are shown as their classification performance measures.

It is observed in thereliminary results, shown ifiable 5 that overall multiclass
Markov-Bayesan RVQ classifier performs better than its binary vers®n the average,
the performance of multlass MBRVQ is approximately 5% better than the birdags
MBRVQ. Furthermore, \Wen compared with the SVM classifier, the proposed multi
class RVQ clasfier performance is promising, evext a Markov ordeas low as zero
The performance of SVM classifier is better than the ruldss MBRVQ byonly 4%,
approximately.lt is expected thaby increasing the Markov order, the proposed multi

class RVQ class#r will improve in its performance.

Conclusion of Preliminary Research

For effective RVQ classification it is imperative that the training dataset is chosen
so that it is a good representation of the source, and the-slinectodevectorsf the
RVQ provide a dense covering, which will ensure that a test input is quantized with a low
reconstruction error. However, with a dense covering we are faced with the challenges of
high memory and computation costs for performing the classificatisk. We will

discuss these challenges in more detail in the following paragraphs.
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Table 5. RVQbased classifierss-SVM-based classifier.

Binary Classification
RVQ Settings Classes Binary SUM Multi -Class RVQ
RVQ Quadratic
Plane | 76.87 70.19 88.71
M= 3,P=8 Car 65.87 100 70
Mo bi| 9843 99.59 98.41
Plane 81.2 70.19 86.9
M= 4,P=8 Car 66.67 100 75
Mébi| 996 99.59 100
Plane | 74.14 70.19 86.6
M= 5, P=8 Car 70.25 100 71.7
Mé bi| 9843 99.59 96.9

With RVQ providing a dense covering of the input space, a classification operation will
require to label all the regions associated with dense covering of the RVQ. This scenario
can pose serious problems when for the valudd @iumber ofcodevectors pestage)

and P (number of stages) the number of regiombelabeled isvery highi.e., M". As
discussed earlier, to address the cost issue, a Markov Bayesian structure on the stages of
the RVQ can be imposedhere the aim is to combine clasembership decisions stage
wise. As a result, the cost of the classification is expected to reducé/ftoonthe order

of MP. The Markovian order determines the number of stages in the RVQ that form a
dependent neighborbd. The higher the Markovian order, the higher is the cost of the
classification. The results of the preliminary experiments on the Swiss roll datasets,
Figure 10, 12, 14 and Caltech101 dataset, Figur@ also indicate the efficacy of the

Markov structue on the Bayesian RVQ classifier.
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However, before further experiments are carried to explore the feasibility of
Markov Bayesian RVQ classifier, an analysis is made to explore whether the §milar
tuplesof the encoded data points also correspond to similar data points. If this is so, then
RVQ-based classification can become feasible irPtgple space, which will result in

reducingsignificantly the overall operational cost of the proposed R)éQed classifier.

RVQ Classification Performance Benchmark
The classification performed by jointly considering all Ehstages of the RVQ is
the benchmark classification performance of the&CRdassifier. Therefore, a simple joint
P-stage RVQ classifier is implemented. For all the classification experiments, the 2D
Swiss Roll dataset is used in which two datasets corresponding to two different classes

are mixed together in the Swill Roll fortpas shown irFigure 2.

Joint P-Stage RVQ Classifier
The jointP-stage, also referred to as fBHupple, classification is implemented

in the following ways.

Full P-tupple matchinébased Classification

In this method, the fulP-tuples of test inputs are matched to the fiadtuples of
the training inputs using two different distance criteria: Euclidean and Hamming distance
criteria. Following are the results for the two criteria:

Euclidean Distance Criterion

Class 1| Class 2
Class 1| 1542 311 1853
Class 2 58 1289 1347
1600 1600 3200

Over all Accuracy = (1542+1289)/3200 = 88.5%
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Hamming Distance Criterion

Class 1| Class 2
Class1| 1581 388 1969
Class 2 19 1212 1231
1600 1600 3200

Over all Accuracy = (1542+1289)/3200 = 87.3%

Directsum Codevectomatchingbased Classification

In this method, the decoded test inputs are matched accordiAgNordle to the
decoded training set. The matching between the decoded test inghedraining set is
done using the Euclidean distance criterion. Following is the result for this method:

Euclidean Distance Criterion

Class 1| Class 2
Class1| 1600 0 1600
Class 2 0 1600 1600
1600 1600 3200

Over all Accuracy = (1600+1600)/3200 = 100%

Conclusion

From the results above, it is concluded that R¥PQuple labeling using a
Euclidean or Hamming distance metric do not correspond to Euclidean distance using
values of the decoded inputs. It can be generalized that in images Sirifdes are not

guaranteed to map to similar images.

Estimated Markov -BayesianRVQ Costs
The cost of implementing Markov Bayesian RVQ classifier is dependent on the
Markov orderO, number of RVQ stageB, number of codevectoqserstageM, and the

number of classeS in the training dataset. It is desired that the Markov order is as low as

59



possible, somewhere in the middle @ and P" Markov order so that the associated
costs are also kept low

For given values oM, P, andC, the costs of implementation for Mawv orderO
from zero to P are given ifable 6 It can be seen in the table that the memory for storing
the codebook and the cost of the search through the codebook kdtirafar any value
of Markov order. However, the memory cost of storing the Gtasditional Transition
Probability Matrix increases in the order BI°*'C. The equatiorthat expresseshe
relationship between Markov order and the memory cost of storing the probabiliies is
0) M2*IC. It is to be noted that the search cost 4N classifier is T|, whereT| is the
size of the training set. Meover, the memory cost associated witNl classification is
in the order ofT]. It is expected that the R\/Rased classifier will offer cost savings over
the ENN classifier.

Table 6. Impémentation cost of RVQ classifier

Markov Memory Cost Search
Order | codebook| Probabiliies| €OSt
9 MP 8MC MP
st 2
1 MP 7M C MP
nd 3
2 MP 6M C MP
rd 4
3 MP 5M C MP
th 5
4 MP 4M C MP
th 6
5 MP 3MC MP
th 7
6 MP oM C MP
th 8
7 MP M C MP
(P-0) M°*'C
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CHAPTER 6
MARKOV -BAYESIAN RESIDUAL VECTOR QUANTIZATION -

BASED CLASSIFICATION : MAIN RESEARCH

Introduction

The number of codevectoks and stage® of RVQ are essential RVQ parameters
that control the density of the covering of the input space. EquivaléhiydP control
the size of the codebook of RVQ. Since the number of Voronoi regions generated in the
input space is directly related to these two RVQ parameters, the classification
performance of RVQ will be investigated for different valueMaindP.

The fows of the preliminary research was to propose a method to make RVQ
based classification feasiblyy imposing a Markov structure on the stages of RVQ. It
was also noted that classification performance showed improvement when Markov order
was increased frorpero to one. With the Markov structure, the operational cost of-RVQ
bases classifier can be reduced frisfnto the order oMP. However, with increase the
Markov order, the cost of RVQ classification also increases. Therefore, the effect of
different Markos orders on RV@based classification is also exploreediepth to analyze
the underlying issues.

Lastly, since RVQ is a templateatchingbased technique, the characteristics of a
dataset will heavily bear on the performance of the Fd&Qed classifier. ferefore,
datasets with differing characteristics will be investigated for RVQ classification.
Caltech10147], Graz[48], andthe MNIST database ofiandwriten digits[50] used to

test Markov RVQ classifier for Markov order ranging from zeroPtd. The zeroth
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Markov order means that all the RVQ stages assumedndependent of each other.
Whereas, Markov ordd?-1 implies that all thé® stages of RVQ arassumedlependen

on each other. The datasets vary from each other in the amount of variability in the
images.

In short, RVQi based classification is investigated for the following three factors:

(@) Different values oM codevectorgperstage of RVQ.

(b)  Varying Makov order on the stages of RVQ.

(c) Image datasets with different characteristics.

The classification results obtained from this investigation provides insightful
analysis into the working of RVQ as a classifier, and it guides the research to understand
the parameters needed to extract improved classification results out of RVQ.

The proposed RVQ classification is also compared to $)skd classification
involving feature vectors consisting of image intensity levels, and scale invariant feature
transform (SIFT) [3]. It is shown how the proposed RVQ classifier fares with SIFT

feature vectors.

Effects of Varying values ofM
For the Caltech101l dataset used in the preliminary research, Markov Bayesian
RVQ classifier is investigad for varying number of codevectgrsrstageM. It is
reminded that the training and test data are the same as used in the preliminary, research
as shown earlier in Figure 1The categories are Plane, Car, and MototkakelMarkov
orderfor classificdion variesfrom 0 toP-1 = 7. The number of RVQ stagésis 8, and
the number of codevecteperstage is varied frortvl = 2 toM = 11. The chosen range of

M is enough to see the trend in the performance of RVQ classification. The RVQ
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codebook witiM=4 andP = 8, and trained on the dataset showRigure 16, is shown in
Figure 17. The error matrices for the different valuesMfand a Markov order of O are
shown inTable 7 The overall classification accuracy fdt = {2,3,4,5,..,11} andthe

values ofMarkov order ranging from 0 t8-1 = 7 is plotted irFigure18.

Figurel7. RVQ codebook foM = 4, P =8. 3category training set comprises Plane, Car, and
Motorbike classes.
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Table 7.Error matrices foM = 2 toM = 11. RVQ ha$=8 stages witlzeroth Markov order for
classification

M=2 M=3 M=4
Classes| Plane| Car | M6 b i Classes| Plane| Car | MO b i Classes | Plane | Car | M6 b i
Plane | 110 | 16 6 1328 Pplane | 132 9 3 1440  Plane 122 3 30 155
Car 18 | 61 2 81l car 12 | 78 2 92 Car 21 | 84 1 106
Mobil 20 [ 10| 248 [ 278k msbi| 4 0 251 | 2550 Mo b i 5 0 225 | 230
148 | 87 256 | 491 148 | 87 256 | 491 148 | 87 256 | 491
M=5 M =6 M=7
Classes| Plane| Car | M6 b i Classes| Plane| Car | M6 b i Classes | Plane | Car | M6 b i
Plane | 131 | 5 31 | 1670 Plane | 124 | 1 8 1330 Plane | 139 | 5 4 148
Car 8 82 2 92 Car 19 85 1 105 Car 7 82 2 91
MO b i 9 0 223 2320 Mo b i 5 1 247 2530 Mo bi 2 0 250 252
148 | 87 256 491 148 | 87 256 491 148 87 256 491
M=8 M=9 M =10
Classes| Plane| Car | MO b i Classes| Plane| Car | M6 b i Classes | Plane | Car | MO b i
Plane | 136 3 10 1490 Pplane | 128 3 4 1350 Plane 134 0 18 152
Car 10 | 84 1 s 1 ca 16 | 84 1 101 car 9 87 1 97
Mobi| 2 0 245 | 247k mMobi| 4 0 251 | 2550 Mo b i 5 0 237 | 242
148 | 87 256 491 148 | 87 256 491 148 87 256 491

It can be seen iRigure 18that for the giver8-catergory dataset, the classification
performance tends to improve untll =7, after which it decreases. This trend suggests
that Markov Bayesian RVQ classifier begins to efieafter M = 7. Itis also noted that
for all the values bM the classification performandseginsto converge tahe best
classification performance of MBRV(lassifier fromthe 3% Markov order onwards. It is
reminded that the value of Markov order is also very critical to the success of the RVQ
based class#r. The higher the Markov order, the higher the memory cost of the RVQ
classifier. In this experiment, is further observedhat as the Markov order increased,
test inputs started mapping to unused Markov dsaat subcodevectors. Equivalently,
the tes inputs were mapping to unused dirsam codevecotorsigure6, in Chapter 5,
illustrates the distribution of adirecksum RVQ codebook. The unused diresiim

codevectorsafter the training phasare shown in blue in the figure. An adverse
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implication d the test inputs mapping to unused is that the correspondargnoi
regions are utabeled. Therefore, MAP rule fails to yield a clasembership decision in

such cases. To avoid this scenario, the encoding of a test input is subjecteceédnthe
of-experience (RoOE) constraint. ROE constraint ensures that a test input is always
assigned to the Markov direstm subcodevectaos thatareused by the training set. This
assignment is made by searching over the nearest Markov-sliracsubcodevector

used ly the training set. However, this ROE constraint adds an extra search cost to the

RVQ-based classification.
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Figure 18. RVQ classification performance fod = {2,3,4,5,6,7,8,9,10,11}, anB®=8, andfor
Markov orderdrom 0 toP-1 =7.

Since in the figure above the performance of the FB&Qed classifier peaks at
M=7, its classification performan@ M = 7 is also calculated over a range of Markov

65



order from O toP-1 = 7, whereP = 8 stages. The classification performance in terms of
the overall accuracy is shown Hgure 19, along with the error matrix and the related
classification performance measures derived from the error nshwixn inTable 8 The
performance of the RV@Qased classifier is also compared witiNIl classifier, ale
shown inFigure 19. It can also be seen that the RVQ classifier converges\id from

the third Markov order onward€Expectedly, the classification performance of MBRVQ
classifier improves with the increase in the Markov ortteis desired that the Markov

order is as low as possible.
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Figurel9. Classification performance ofNIN based classifier versus Markov Bayesian RVQ
classifier withM = 7, P = 8, and Markov Order =.4
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Table 8 Classification performance ofNN basedlassifier versus Markov Bayesian RVQ
classifier withM = 7, P = 8, and Markov Order = 4.

Error Matrix
RVO, M=7,P=8, and Markov Order = 4

1-NN Classifier

Overall Accuracy

(136+84+245)/491

94.71%

Overall Accuracy

(148+76+244)/491

95.32%

1
Classes| Plane| Car | M6 b i : Classes| Plane| Car| M6 b i
Plane | 136 3 10 149 i Plane 148 11 12 171
Car 10 84 |1 95 ; Car 0 76 0 76
Mo bil|2 0 245 247 ; M6 b i 0 0 244 | 244
148 87 | 256 491 X 148 87 256 491
1
i
1
Produce ~ : Producelt "
Accuracy User o6s Ac: Accuracy User 6s Ag
Plane 136/149 =91.3% | 136/148 =91.9% i | Plane 148/171 =86.6% | 148/148 =100 %
Car 84/95 =88.4% | 84/87 =96.6% |, | Car 76/76 =100 % | 76/87 =87.4%
MO b i| 245/247 =99.2% | 245/256 =95.7% 1 | MO bi| 244/244 =100% | 244/256 =95.3%
!
1
1
1
1
1
1

RVQ Classification Schemes

As mentioned earlier, the Markov order plays a criticéd in the RVQbased
classification. The higher the Markov order, the higher the overall cost of implementing
the RVQbased classifier. Up to now, RVKkased classification with the Bayesian
framework has been discussed. At this point, another framework, ¢afiadecount
rule is introduced as a differemtethod toimplement the RVEbased classification. It is
emphasized for clarity, that featuceunt rule is different from the earlier proposed
Markov Bayesian RVQ (MBRVQ) classification. While both the mdthampose the
Markov structure on its RVQ stagdbe Bayesian framework is not employed in feature
count rule.Theimplementation of these two method®iglainednext

The description of the two different schemes along with their implementation
detailsare explained as follows:
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Feature-count Rule: The Markov direcsum subcodevectors of the RVQ can be viewed

as clustering the data in a cauaaticausal (CAC) residual stdpace. Intuitively, a
cluster in a CAC residual stdpace can be thought of asfeature of the class. For a
given test input, these features can be counted and attributed to a class according to the

classconditional probability of the CAC cluster or the corresponding Markovtsple.

Markov Bayesian RVQ (MBRVQ): This method is not differentrdm the Bayesian

RVQ classification method as described before.

CostEROE As mentioned earlier, the RoOE constraint incurs an additional search cost
Therefore,a costeffective methodor implemening the RoEconstraint is tested. This
new method is termed as CostEROE, wherdas etrlier method will be referred to as
RoEn this report CostEROE method of implanting the reatriiexperience constraint is
used by Barnes if22]. CostEROE ensures that the encoding of a test input stops at the
stage when the input maps to the disain codevector not used by the training set.
Consequently, the situation where a test input maps to dabetedVoronoi region is
avoided. The advantageof implementing the CostEROE constraint over the RoE
constraint is that the former adds farther computational costo the RVQbased
classification. Howevert adds T| bytes to the overall emory costof the RVQbased

classification methagdwvhere|T|is the size of the training set

Thresholds Different thresholdJy, on the classonditional probabilities a®ciated with
the Markov suHuples will be applied to see their effects on the classification
performance of the two scheméstuitively, the thhesholdT,, can be thought as a means

to weight CACclusters in reaching a classification decision. Therefore, with a suitable
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Ty, only those CAC clusters can be isolated those contribute most significantly towards
reaching the classiembership decision.

The two schemes for RV@Qased classification i.e., Feattoeunt Rule and
MBRVQ, will be tesed on Caltech101[47] and Graz [48] image databased hese
experiments will helpo understanthe dynamics of RVEpased classifieTwo different
settings of RVQ are usedl=4 andP=8, andM=2 andP=16. The two RVQ settings
generate the same size of theect sumcodebook, thus have the same number of degrees
of freedom (DoF). However, the degseef freedom at the RVQ stage level is different
i.e., stage DoF fok = 2 is two, and stage DoF ftt = 4 is four.

These test serve as guide to understanding the RMéased classificatiomo
determinehow best to usdkVQ for classificationand what a thesuitableconditions

and dataset® useRVQ as a classifier

Experiments and Results

Experiments: Set 1

In this first set of experiments, the Markov order is kieptrero to establish a
performance baskne. The first data set that is used is-aa@egory dataset consisting
the classes Plane, Car, and Motorbike from CaltecthiEt@abasd47]. Each class has
hundred training images, the training set consists of 148, 87,andrizig@s from the
classes Plane, Car, and Motorbike ; respectively. They typical images of this dataset are
shown inFigure 16. The RVQ codebook, Clas®nditional Probability Matrix, and the
error matrix for RVQ withM=2 andP=16 are shown inigure 20, Tabé 9 and Table 10

respectively. Whereas,idure 21, Table 11 and Table 12how the Classonditional
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Transition Probability Matrix, and the error matrix for RVQ witM=4 and P=8,

respectively.

The RVQbasedclassification is carried on this dataset itk following four

techniques:

(@)
(b)
()
(d)

MBRVQ with RoE constraint.
Featurecount Rule with RoE constraint.
MBRVQ with CostEROE constraint.

Featurecount Rule with CostEROE constraint.

The classification performance of the above four methods for RWQM = 2 andP =

16 are tabulatén the error matrix, shown inable 10, It can be seen that the MBRVYQ

based methods are far superior to Featotent Rulebases methods.

VEAEETE R OF Impas

Figure20. RVQ codebook for RVQ wititM=2, P=16. The dataset consists of Péacar, and
Motorbike classes.
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Table9. Classconditional Probability Matrix for RVQ witiv = 2 andP = 16. Class 1, 2, 3 are
Plane, Car, Motorbike, respectively.

Stage| Class| CV, | CV, Stage | Class| CV; | CV,
1 ]0.10| 0.45 1 0.36| 0.33

1 2 ]10.00| 0.50 9 2 0.34| 0.33
3 10.90| 0.05 3 0.30| 0.34

1 ]0.91|0.16 1 0.33| 0.33

2 2 |0.00 0.43. 10 2 0.28| 0.37
3 10.09]/ 041 3 0.39 0.29

1 ]0.00| 0.36 1 0.38| 0.30

3 2 ]0.12| 0.35 11 2 0.33| 0.34
3 10.88]0.28 3 0.29| 0.36

1 ]10.46/|0.19 1 0.41)| 0.29

4 2 |0.36]0.31 12 2 0.28| 0.37
3 1019 05 3 0.31] 0.35

1 ]0.46| 0.13 1 0.32| 0.35

5 2 ]0.26| 0.45 13 2 0.35| 0.32
3 10.28] 0.42 3 0.33] 0.34

1 ]10.31]0.35 1 0.28| 0.38

6 2 ]10.38]0.31 14 2 0.35| 0.32
3 1032/ 0.34 3 0.38| 0.30

1 ]0.26| 0.38 1 0.24| 0.41

7 2 ]0.44| 0.27 15 2 0.38| 0.30
3 10.30] 0.35 3 0.38| 0.29

1 ]10.29|0.37 1 0.35| 0.32

8 2 10.35 0.32 16 2 0.35| 0.32
3 ]10.36|0.31 3 0.31| 0.35
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Table10. Error matrix for MBRVQ with RoE, Featweout Rule with RoE, MBRVQ with
CostEROE, and Featummunt Rule with CostEROE. The Markov order isozemd RVQ has
M=2 codevectorperstage andP = 16 stages.

MBRVQ, RoE Feature-count Rule, RoE MBRVQ, CostEROE Feature-count, CostEROE
Classes| 1 2 3 1 2 3 1 2 3 1 2 3
1 97| 4 1] 102 142 65| 154| 361| 97| 4 1] 102| 134| 55| 141 330
2 30| 83| 3|116] 3| 21| 25| 49| 30| 83| 3| 116] 11| 31| 46| 88
3 21| o[ 252 273 3 1| 77| 81| 21| o[ 252 273 3 1] 69| 73
148 | 87| 256 | 491 148| 87| 256 | 491 | 148| 87| 256 | 491 | 148| 87| 256 | 491
Prod | o541 | 71.6 | 92.3 39.3| 42.9| 95.1 95.1| 71.6 | 92.3 406 | 35.2 | 94.5
Acc %
User | 55| 954 | 98.4 959 | 24.2 | 30.1 65.5 | 95.4 | 98.4 905 | 35.6 | 27.0
Acc %
Overall 87.98 48.88 87.98 477

Acc %

The same experiment on thec8tegory dataset is repeated for RVQ with= 4
codevectorperstage andP = 8 stages. The corresponding RVQ codebook, €lass
conditional Probability Matrix, and the Error matrix for MBRMfased method and
Featurecont Rulebased methods are shown kigure 21, Table 11 and Table 12
respectively.

It can be seen in Table2 that the MBRVQbased methods are far superior to
Featurecount Rulebases methods. Moreover, as compared to the RVQMvith2 and
P = 16, the classification performance of the RW@sed classifier favl = 4 andP = 4 is
superior. For example, in case the latter the MBRd&3ed classifiers have an overall
accuracy of over 90 %, as shownTiable12; whereas, it can be seen iatle10thatthe
overall accuracy of the MBRVQ@ased classifiers foM = 2 andP = 16 is 88%,
approximately. The same trend can be seen for the Femiuré Rulebased
classification.

The classification performances of the four RY&sed classifiers are also

calculated for all the values of Markov order from @Pt@. ForM=2 andP=16, the over
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Figure21l. RVQ codebook for RVQ witivi=4, P=8. The dataset consists of Péaar, and
Motorbike classes.
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Tablell Classconditional Probability Matrix for RvQ witt = 4andP = 8. Class 1, 2, 3 are
Plane, Car, Motorbike, respectively.

Plane Car Motorbike

Stage| CV* [ cV? | ¢V | cV* cV|cv?|cv|cv cV|cv?| e | v
p=1 [0.08(0.27| 0 |0.65 0 1 0o o 0.86| 0.03| 0.1 | 0.01
p=2 | 0.15/0.17| 0.55| 0.13 0 |0.44(0.361/0.194 |0.16|0.36|0.18| 0.3
p=3 | 0 | 0.3 03| 0.4 | |0.1390.167] 0.22(0.472 0 | 04029031
p=4 | 0.23|0.02| 0.31]| 0.44| |0.139 0.22| 0.33]0.30¢ | 0.17| 0.18[ 0.34( 0.31
p=5 | 0.19]| 0.11]| 0.42] 0.28| |0.3890.361]0.0830.167] | 0.08( 0.31| 0.12( 0.49
p=6 | 0.24|0.26]| 0.29] 0.21| | 0.22| 0.25|0.1670.361] | 0.17| 0.13| 0.27( 0.43
p=7 | 0.16| 0.26| 0.37]| 0.21| | 0.22]0.1670.1940.417 | 0.26{ 0.18( 0.25( 0.31
p=8 | 0.14| 0.29]| 0.16] 0.41| |0.167 0.25|0.2780.30¢ | 0.31| 0.17| 0.24 0.28

Tablel2. Error matrix for MBRVQ with RoE, Featweout Rule with RoE, MBRVQ with
CostEROE, and Featuowunt Rule with CostEROE. The Markov order isozemd RVQ has
M = 4 codevectorperstage andP = 8 stages.

MBRVQ, RoE Feature-count Rule, RoE MBRVQ, CostERoOE Feature-count, CostEROE
Classes| 1 2 5 1 2 3 1 2 5 1 2 3
1 126 | 15 | 4 | 145 146| 61| 151 | 358 | 427 | 13 | 4 | 144| 147| 58| 134 339
2 22 [ 72 | 2 | 9 0] 25| 25| 50| 21 [ 74 | 1 | 9 o[ 28| 40| 68
3 0 | 0 [250 250 2 1] 80| 83| 0 | 0 [251] 251 1 1| 82| 84
148 | 87 | 256 [ 491] 148 | 87| 256 | 491| 148 | 87| 256 [491| 148 | 87 | 256 | 491
Prod | g51 | 82.8 | 97.7 98.6 | 28.7 | 313 85.8 | 85.1 | 98 99.3 | 322 | 32
Acc %
User 1 g9 | 75 | 100 408| 50 | 96.4 88.2 | 77.1| 100 434 | 41.2 | 97.6
Acc %
Overall
e o 91.24 51.12 92.06 52.34
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Figure 22. Classification performander differentRVQ-based classifienwith M = 2 andP = 16.
The dataset consists Bfane Car, and Mtorbike classeBom Caltech101

all accuracies are plotted for these four methods in Figure 22. Similarly, the classification
performances of the RVMQased classifiers are also plotted in Figure 23R with

M=4 codevectorgperstageand P = 8 stageslt can be seen in Figure 22 and Figure 23
that MBRVQ classifier with CostEROE constraint outperforms the other -B&&gd

schemes tested on this dataset.

Support Vector Machine (SVMJlassifier with the SIFT Feature

A support vector machine (SVM])9] constructs a hyperplane or set of
hyperplanes in a high or infinkdimensional space, which can be used for classification,

regression, or other tasks. Intuitively, a good separation is achieved by the hyperplane
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Figure 23. Classification performancéor differentRVQ-based classifiersith M = 4 andP = 8.
The dataset consists Bfane,Car, and Mtorbike classekom Caltech101

that has the largest distance to the nearest training data point of any class, since in general
the larger the margin the lower the generalization error of the classifier. The training
points are called support vectors.

As a classifier, SVM is a binary classifier. For the applications of multi
classification, SVM has popularly been used in two ways-vemgusone, and one
versusall. In oneversusone, binary SVM classifiers are built that distinguish between
every pair of classes. In this method, classification is donenbgavinsvoting strategy,
in which every classifier assigns a test input to ohthe two classes, then the vote for
the assigned class is increased by one vote, and finally the class with the most votes

determines the instance classification. In-geesusall strategy, binary SVM classifiers
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are constructed to classify between arfethe classes and the rest of the classes.
Classification of a test input for the euersusall case is done by winnertakesall
strategy in which the classifier with the highest output function assigns the class to the
test input.

In this experiment, on&ersusone strategy has been used to perform the SVM
based classificatiorThe choice of the features for the SVM classification is SR
chi-squared distance kernel. SIFT standsa#leinvariant feature transformSIFT were
first desgned and used for SVMased classification by David Lovj@]. SIFT feature is
invariant to uniform scaling, orientation, and partially invariant to affine distortion and
illumination changes. Because of the invariance pragsenif the SIFT feature, it is
widely used with SVM in the applications of hi¢gvel classification, such as recognition
of objectsof-interest in images and videos.

The classification results of the SVM classifier are shown in TEbI&he SIFT
featureextracted from each image of tBecategory dataset is a 128x20 vector. It can be
seen froniTable12 andTable13, that SVM classification performed with SIFT feature is

almost as good as the MBRM@ased classifiers.

Tablel3. Error matrix for SVM classifir with SIFT feature and cisiquared distance kernel.

Classes] 1 2 3
1 126 | 11 3| 140

2 21 75 1| 97
3 1 1| 252 254
148 | 87| 256 | 491
Prod
Acc % 85.1| 86.2| 98.4
User
Ace % 90 | 77.3|99.2
Overall
ACe % 92.26
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Experiments: Set 2

In this second set of experiments, the RVQ settings remain the same as in the first
set of experiments. The only difference is the dataset. In this case, the dataset solely
consists of the images of motorbikes from Caltech101. The Motorbike dataset is sub
classified into two to three distinct categories. The-tategory Motorbike dataset
comprises the classes Heavy, and Sports. Class Heavy refers to heavy motorbikes, and
the class Sports refers to sports motorbikes. Tkiat@gory dataset is termed as-HS
Motorbike. The typical images of the two sdllasses are shown Fgure 24. Similarly,
the 3category Motorbike dataset contains the classes Heavy, Faauys, and Light
Sports. This dataset is termed HHBIotorbike. The typical images of thecategory
Motorbike dataset are shownFHigure 25.

The results for the-8ategory HHSEMotorbike dataset are presented first. The
RVQ codebook fotM = 2 andP =16, the corresponding Clasenditional Transition
Probability Matrix, and the classification resulte &hown inFigure 26, Table 14, and
Table 15;respectively.Similarly, for RVQ withM = 2 andP = 16, the classification
performance for Markov order ranging from ORd = 15 is shown in Figurer2

The same experiment on the&8tegory HHSLSMotorbike dataset is repeated for
RVQ with M = 4 codevectorperstage andP® = 8 stages. The corresponding RVQ
codebook, Classonditional Transitional Probability Matrix, and the error matrix for
MBRVQ-based métod aml Featurecount Rulebased methods are shown in Figaé
Table 16, and Table 17; respective8imilarly, for RVQ withM = 4 andP = 8, the
classification performance for Markov order ranging from OPt& = 7 is shown in

Figure 29
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Figure 24. Training datasefor 2-category classification. The classes are Heavy, and Sports
motorbikes.

Heavy HeavySports | Light-Sports

Figure25. Training datasdbr 3-category classificatiorlhe classes are Heavy, Heasports,
and LightSports motorbikes.
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Figure26. RVQ codebook for RVQ witivl = 2, P = 16. The dataset consists ldeavy, Heavy
Sports, and LighSports notorbike classes.
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Tablel4. Classconditional Probability Matrix for RvVQ wittvi=2 andP =16. Class 1, 2, 3 are
Heavy, HeavySports and LightSportsmotorbikes, respectively.

Stage | Class | [ CVy, CV)] I Stage| Class| [ CVy, CV,]
1 [0.23,0.45] 1 1]10.26,0.39]

1 2 [0.35,0.31] 9 2 |]0.46,0.24]
3 [0.42,0.23] 3 |[0.28,0.37]

1 [0.29,0.34] 1 ]1[0.24,0.44]

2 2 [0.54,0.29] 10 2 1]0.39,0.27]
3 [0.17,0.37] 3 | [0.37,0.29]

1 [0.32,0.36] 1 1[0.53,0.20]

3 2 [0.39,0.22] 11 2 [0.20,0.42]
3 [0.29,0.42] 3 |[0.27,0.38]

1 [0.16,0.48] 1 1]1[0.34,0.33]

4 2 [0.37,0.30] 12 2 1 [0.39,0.30]
3 [0.47,0.22] 3 | [0.27,0.37]

1 [0.29,0.38] 1 1[0.18,0.34]

5 2 [0.18,0.49] 13 2 | [0.45,0.33]
3 [0.53,0.13] 3 1[0.36,0.33]

1 [0.56,0.22] 1 110.37,0.29]

6 2 [0.40, 0.30] 14 2 1[0.31,0.36]
3 [0.03,0.48] 3 [0.32,0.35]

1 [0.43,0.24] 1 ][0.28,0.40]

7 2 [0.07,0.59] 15 2 [0.34,0.33]
3 [0.50,0.17] 3 | [0.39,0.27]

1 [0.39,0.26] 1 1]10.38,0.31]

8 2 [0.31,0.36] 16 2 [0.35,0.31]
3 [0.30,0.38] 3 [0.35,0.32]
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Tablel5. Error matrix for MBRVQ with RoE, Featweout Rule with RoE, MBRVQ with
CostERoE, and Featumwunt Rule with CostEROE. The Markov order isozemd RVQ hai =
2 codevectorgperstage andP = 16 stages.

MBRVQ, RoE Feature-count Rule, RoE MBRVQ, CostEROE Feature-count, CostEROE
Class 1 2 3 1 2 3 1 2 3 1 2 3
1 229 | 92 | 21 | 342|148 |59 | 12 | 219 230 | 92 | 13 | 335| 154 | 80 | 20 | 254
2 21 89 7 117 ] 88 121 | 4 2131 20 88 5 113 41 95 5 141
3 44 | 37 | 79 | 160058 |38 |91 |187| 44 | 38 | 89 | 171 99 | 43 | 82 | 224
294 218 | 107 | 619] 294 | 218 | 107 | 619 294 | 218 | 107 | 619 294 | 218 | 107 | 619
Prod 779 | 40.8 | 73.8 50.3| 55.5| 85 78.2 | 40.4 | 83.2 524 | 43.6 | 76.6
Acc %
User 67 | 76.1| 49.4 67.6 | 56.8 | 48.7 68.7 | 77.9 | 52 60.6 | 67.4 | 36.6
Acc %
Overall
Ace % 64.14 58.16 65.75 53.47
90 T T T T T T T T T T T T T
80

=-&--MBRVQ + RoE

-+ Feature-count Rule + RoE

—— MBRVQ + CostERoE

--B-- Feature-count Rule + CostERoE
—1-NN

-
o
T

-
£

o
o

Classification Performance in %:
Overall Accuracy

T S S S S S S S SO SO SURR S SONNORRS SRR SONURRS SR .

3% 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15
Markov Order

Figure27. Classification performander differentRVQ-based classifienwith M = 2 andP = 16.

The dataset consists deavy, HeavySports, and LighSports notorbike classefom

Caltech101
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Figure28. RVQ codebook for RVQ witM = 2, P = 16. The dataset consists ldéavy, Heavy
Sports, and LighSports notorbike classes.
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Tablel6. Classconditional Probability Matrix for RVQ witil =4 andP = 8. Class 1, 2, 3 are
Heavy, HeavySports and LightSportsmotorbikes, respectively.

Stage| Class] CV,; | CV, | CV; | CV,
0.21|0.47| 0.27 | 0.51
0.37| 0.16| 0.51| 0.27
0.41| 0.37| 0.22 | 0.22

0.18] 0.78] 0.50 | 0.06
0.19/ 0.11] 0.14| 0.89
0.63] 0.11] 0.36| 0.05
0.6 | 0.39] 0.23] 0.31
0.4 052 0.23| 0.15
0 | 0.09 0.54 054
0.83] 0.25] 0.29 0.29
0.13] 0.38 0.33] 0.37
0.04] 0.38] 0.38] 0.35
0.38] 0.46] 0.19] 0.34
0.38| 0.25| 0.47 | 0.30
0.25| 0.29] 0.35| 0.36
0.33] 0.38] 0.30| 0.32
0.54| 0.31 0.22| 0.34
0.13] 0.31| 0.48| 0.33
0.20] 0.42] 0.32] 0.40
0.21| 0.44| 0.52| 0.23
0.59| 0.14| 0.16 | 0.37
0.28] 0.30| 0.28 | 0.44
0.35/ 0.17 | 0.45 0.36
0.38 0.53| 0.26| 0.20

=

1

WINFPIWOINFPIWINIFPIWINIPIWIN|PIOINRPIWOINRPIW(IN

Tablel7. Error matrix for MBRVQ with RoE, Featweout Rule with RoE, MBRVQ with
CostEROE, and Featumwunt Rule with CostEROE. The Markov order isozemd RVQ hai =
4 codevectorgperstage and = 8 stages.

Feature-count Rule, Feature-count Rule,

MBRVQ, RoE MBRVQ, CostERoE

RoOE CostEROE
Class 1 2 | 3 1 2 | 3 1 2 | 3 1 2 3
1 232| 90| 18| 340| 151 56| 11| 218| 233| 85| 13| 331| 15 | 51| 10| 216
2 20| 93| 6] 119| 87| 125| 3| 215] 19| 97| 5| 122l 41| 127| 5| 173
3 42| 35| 83| 160] 56| 37| 93| 186| 42| 36| 89| 167 98| 40| 92| 230
294 | 218 107 | 619 294 | 218 | 107 | 619| 294 | 218 | 107 | 619 294| 218| 107 | 619
Prod | 789 | 42.7| 77.6 51.4 | 57.3| 86.9 79.3 | 445 832 527 | 58.3| 86
Acc %
User | 685 | 7821 51.9 69.3| 58.1| 50 70.4 | 80.2 | 53.3 718 | 73.4 | 40
Acc %
Overall 65.91 59.61 67.69 60.42

Acc %
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Figure 29. Classification performander differentRVQ-based classifienswith M = 4 andP = 8.

The dataset consists deavy, HeawySports, and LighSports notorbike classeom
Caltech101

It can be seen in Table 15 and Table 17 that the MBR¥§2d methods are far superior

to Featurecount Rule-bases methods. Moreover, as compared to the RVQMith2

andP = 16, the classification performance of the RYgsed classifier favl = 4 andP =

4 is slightly betterfor this datasetFor example, in case of the latter, the MBRW&sed
classifiershave an overall accuracy of over 65 %, as shown in Table 17; whereas, it can
be seen in Table lfhatthe overall accuracy of the MBRVQased classifiers favl = 2

andP = 16 is approximately 1% lower, comparatively. The same trend can be seen for
the Featire-count Rulebased classification. Moreover, in both RVQ settinGestEROE
constraint yielded better classification results for MBRWW3 compared to ROE

constraint Similarly, it can be seen in Figure 27 and Figuretl2® MBRVQ classifier
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with CostER& constraint outperforms the other R\W@sed schemes tested on this
dataset.

After investigating the MRVQ classifier for thecategory Motorbike dataset
shown inFigure 24, the classifier is studied for thecategory Motorbike dataséfigure
23), which is formed by combining the Hea®ports and LighBSports motorbikes
categories into one category of motorbikes named Spbnts.training set size is 600
images, with 300 images in each class. There are 270 images in the test set, with 90 and
180 imagesn Heavy and Sports motorbike classes, respdytifée images are resized
to 150x 250and are converted to grayscale.

Similar to the 3category case, the experiments on thma@gory HSMotorbike
dataset are caed out for two settings of RVQM = 2 and P = 16, andM = 4 andP = 8.
The RVQ codebooks for both the settings look similar to the corresponding RVQ
codebooks of the-Bategory HHSLSMotorbike dataset. Favl = 2 andP = 16, Class
conditional Transition Probability Matrix, and the classificatioresults are shownni
Table 18, andTable 19; respectively.The corresponding Clags®nditional Transitional
Probability Matrix, and the error matrix fdd = 4 andP = 8 are shown in Tabl20, and
Table?21; respectivelyThe Markov order is O in these resultscan be seen iffabde 19
and Table 20 that the MBRVQbased methods are far superior to Featotent Rule
bases methods. Moreover, as compared to the RVQ Mith 2 andP = 16, the
classification performance oféahlRVQ-based classifier foM = 4 andP = 8 is slightly
better The same trend can be seen for the Feawat Rulebased classification.
Moreover, in both RVQ settinggsompared to RoE constraint, CostEROE constraint

yielded better classification resultfor MBRVQ classifier. The classification
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performances of the four R\Qased classifiers are also calculated for all the values of
Markov order from O td>-1. ForM=2 andP=16, the oveall accuracies are plotted for
these four methods in Figure.3Bimilaty, the classification performances of the RVQ
based classifis are also plotted in Figure 3dr RVQ with M=4 codevectorgperstage
andP = 8 stageslt can be seen in Figure 30 and Figurettgt MBRVQ classifier with

CostEROE constraint outperforms thther RVQbased schemes tested on this dataset.

Table18. Classconditional Probability Matrix for RVQ witivl = 2 andP =16. Class 1, 2re
Heavy, and Sportsiotorbikes, respectively.

Stage| Class] CV; | CV, | Stage| Class| CV; | CV,
1 1 ]10.45| 0.56 9 1 ]0.52]0.48
2 0.55| 0.44 2 0.48] 0.52

2 1 ]0.65|0.46 10 1 ]0.49]051
2 ]0.35 0.54 2 ]0.51]0.49

3 1 0.65| 0.46 11 1 0.56] 0.44
2 0.35| 0.54 2 0.44] 0.56

4 1 ]0.37|0.65 12 1 ]0.51]0.49
2 ]0.63 0.35 2 |0.49]051

5 1 ]0.73| 0.42 13 1 ]0.60]0.40
2 ]0.27| 0.58 2 ]0.40]0.60

5 1 Jo.74/046f 1 |o.48]0.51
2 0.26| 0.54 2 0.52] 0.49

7 1 0.55| 0.45 15 1 0.62] 0.41
2 ]0.45|0.55 2 ]0.38]0.59

1 0.51)| 0.48 1 0.49] 0.50

8 2 0.49| 0.52 16 2 0.51] 0.50

Tablel9. Error matrix for MBRVQ with RoE, Featweout Rule with RoE, MBRVQ with
CostEROE, and Featummunt Rule with CostEROE. The Markov order isozemnd RVQ has

M = 2 codevectorgperstage and® = 16 stages.
Feature-count Rule,

Feature-count Rule,

MBRVQ, RoE ROE MBRVQ, CostEROE COStEROE
Classes| 1 2 1 2 1 2 1 2
1 74 55| 129 44 76 120 75 56 131 49 91 140
2 16 | 125| 141 46| 104 | 150 15| 124| 139 41 89| 130

90 | 180 | 270 90| 180 | 270 90| 180| 270 90| 180 | 270

Prod | g5 5| 69.4| 75.8] 489 | 578 | 534 | 833 | 689 | 76.1 | 54.4 | 404 | 519
Acc %
User | 574|887|731] 36.7 | 69.3| 53 | 573 | 89.2 | 733| 35 | 685 | 51.8
Acc %
Overall

73.70 54.81 73.70 51.11

Acc %
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Figure 30. Classification Performander differentRVQ-based classifierswith M = 2 andP = 16.
The dataset consists ideavy and Sports atorbike classeom Caltech101
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Table20. Classconditional Probability Matrix for RvQ witivl =4 andP =8. Class 1, 2re
Heavy, and Sportsiotorbikes, respectively.

Stage| Class| CV; | CV, | CV; | CV,
1' 1 |0.42 069 0.45 0.65
2 |o58 031 055 0.35

, 1 |055 061 0.67] 0.33
2 045039 0.33] 0.67

. 1 |o057 047 0.72 0.16
2 |043 053 028 0.84

, 1 061 058 0.31] 0.56
2 039 042 069 044

. 1 |0.36 059 0.45] 0.57
2 |o064 041 055 043

A 1 060 057 054 0.40
2 |0.40 043/ 046 0.60

: 1 |0.40 0.71 0.45 0.50
2 |0.60 029 055 050

1 061 030 0.51] 0.59

8 2 l0.39/ 070 0.49] 0.41

Table21. Error matrix for MBRVQ with RoEFeaturecout Rule with RoE, MBRVQ with
CostEROE, and Featuo®munt Rule with CostEROE. The Markov order isozemd RVQ ha =
4 codevectorgperstage and = 8 stages.

Feature-count Rule, Feature-count Rule,

MBRVQ, RoE MBRVQ, CostERoE

RoE CostEROE
Classes| 1 2 1 2 1 2 1 2
1 71| 52| 123 39| 96| 135 72| 52| 124| 43| 89| 132
2 19 [ 128 147| 51| 84| 135| 18| 128| 146| 47| 91| 138
90| 180| 270] 90| 180| 270| 90| 180| 270| 90| 180| 270
Prod |\ 7691 711| 75 | 433 | 467 | 45 | 80 | 711 | 756 | 478 | 506 | 492
Acc %
User 15771 871|724 289 | 622 | 456| 581 | 87.7 | 729 ] 3266 | 659 | 49.3
Acc %
Overall
Ace o 73.70 45.56 74.07 49.63
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Figure 31 ClassificationPerformancefor differentRVQ-based classifiensith M = 4 andP = 8.
The dataset consists ldeavy and Sports otorbike classefom Caltech101
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Computational and Memory Cost Analysis

The computational and memory costs of MBRVQ classifier with CostERoOE
constraint are given as follows:

Computational Cost kMP multiplications and additions.

Memory cost &MP + C(P-O)M©*Y + [T| bytes,
wherek is the dimensionality of the input spadg,is the number of classe®, is the Markov
order andT[| is the size of the training set. The first, second, and the third terms of the memory
cost are storage costs of the RVQ codebook, labels, and CostEROE constraint. At this point, it is
pertinent to emphasize the cost effectiveness of MBRVQ classificatien the iINN-based
classification. The computational cost eNN classification ik|T| multiplications and additions,
and the associated memory cosk|i§ + T bytes, wherek|T| is the cost for the storage of the
training set, andT] is the cost fortering the class labels. The costs of MBRVQ classification on
the datasets shown in Figul2, 14, 16, 24, and 2®&ith CostEROE are shown and comgrin

Figure 32 and Figure 33

Experiments: Set 3

Different thresholdsT}, on the clasgonditional probabities associated with the
Markov subtuples will be applied to see their effects on the classification performance of
MRVQ classifier.Intuitively, the threshold}, can be thought as a means to weight EAC
clusters in reaching a classification decision. réfae, with a suitabldy, only those
CAC clusters can be isolateébdat contributesmost significantly towards reaching the
classmembership decision. The valueTfis varied from 0 to 0.9The 2category HS
Motorbike dataseti-igure 22 is chosen for this set of experiments. MBRVQ scheme is
used with CostEROE. In the previous experimelmBRVQ scheme has been shown to

perform better Featweount rule for MRVQ classification. Moreover, CostEROE is
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preferred over ROE because compared to RoE constraint, CostEROE constraint yields
comparable classification performance at a better cost.

The experimental results f = 2 andP = 16, andM = 4 andP = 8 are shown in
Figure 34, where the classification results are measured as the overall acclingcy
results are shown for thresholdé T HE fp . The detailedclassification results
are presented ifable A1 and Table A2 in Appendix A,respectively for RVQ settings
M=2 andP = 16, andM = 4 andP = 8. In Figure 27 the overall accuracies for Markov
order ranging from 0O t®-1 aredepictedas barscentered aeach threshold value df.
Therefore, forP = 8, the total number of bars for each valudpis eight. Likewise, for
P = 16, there are sixteen bars for each valu&,oMoreover, forP = 16, some values of
overall accuracy are capped off at 10 %. This value is to indicate that nca@taigonal
probabilities of some test inputs were greater than the value of thréghéld a result
those test inputs were assigned to any of theetlbategories. Such class assignments are
termed as Unknown. In Figu@, it can be seen that fér = 16 test inputs start to get
assigned to Unknown fromY 1@ vfor different values of Markov orders. For
Y 1, all the test inputs for all Markov ondeare assigned to the class Unknown.

In the context of the threshold, it can be seen from the results that the
classification performance is uppeounded byT,, = 0. It implies thatT,, > 0 gives no
significant advantage over the case whige 0. Theidea of applying the different values
of T, is to check if the stage class decision of RVQ can be weighted so that the final class
decision is improved. However, the results suggest that under the MBakegian
framework, the classonditional probabities associated with each Markov suples

appropriately weight the corresponding stage class decisions to give the final class

94



Classification Performance in %:

Overall Accuracy

100

90

80

70

60

50

40

30

20

10

0.1 0.2 0.3 04 0.5 0.6 0.7 0.8
Threshold

Figure34. (Top): RVQ M = 4 andP = 8. (Bottom): RVQM = 2 andP = 16.

9%




