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Abstract 

The major contributions of this thesis are: a new discriminative training algorithm, 

new discriminative feature selection and extraction algorithms, and a new image 

segmentation algorithm used for feature extraction from speech spectrogram. 

In the first part of this thesis, a new misclassification measure and a discrimi­

native training algorithm are proposed. The misclassification measure is a smooth 

representation of classification probability of error and can be made as close as pos­

sible to this probability by varying its parameters. The training algorithm indirectly 

minirni?.es the probability of error by minimizing the misclassification measure. A 

new discriminative training algorithm for speech segmentation based on another 

misclassification measure is also introduced. 

In the second part of this thesis~ a feature selection and a feature extraction 

algorithm are proposed. The proposed algorithms allow the dimensionality of fea­

ture space to be decreased, while trying to maintain a class separability measure. 

This mewmre is the misclassification measure of a classifier built in the higher di­

mensional space. The feature selection and extraction algorithms determine the 

maximum change in the misclassification measure ( or indirectly the maximum loss 

in probability of correct classification) for the feature vectors presented in the lower 

dimensional space. The algorithms find the best subset of features and an opti­

mum orthogonal linear mapping before applying feature selection that minimizes 

the maximum change in the misclassification measure. 

In the third part of this thesis, several algorithms for feature extraction from 

speech spectrograms are proposed. Some of these algorithms first segment the spec-
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trogram using a new self-organizing image segmentation algorithm. This algorithm 

segments the spectrogram into two classes of object and background. where pixels 

of each class have common characteristics. The algorithm iteratively minimi~es a 

defined segmentation measure in the spectrogram image. Moreover, pixels with 

lower likelihood of belonging to object or background classes are adjusted less in 

each iteration. delaying their segmentation until more image information is avail­

able. The resulting features are the inputs to the proposed feature selection and 

extraction algorithms. 

Some speaker independent isolated word speech recognition experiments are also 

carried out in this thesis which validate the proposed algorithms. 
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Chapter 1 

Introduction 

The object of speech recognition is to provide a system that enables a human to 

communicate to a computer via speech signal. Fig. 1.1 shows a block diagram of a 

typical speech recognition system. The input speech signal is first passed through 

a feature selection and extraction block to reduce its redundant information for 

the purpose of speech recognition. Ideally, the representation of the signal should 

be minimal while containing all the sufficient information for recognition purpose. 

The reduced feature set is then passed through a classifier whose output is either a 

AcumtfcJfocfels 
qf Pluln.fttrta or 
Wards 

Scquenceqf 
Pftonemaor 
Wanla 

Figure 1.1: A speech recognition system 

1 

I.anguac,e 

Wan.I. JlluaN or 

5enf.enCe .lfodels 



CHAPTER 1. INTRODUCTION 2 

sequence of phonemes or words. Finally. at the language processing stage. sentences 

corresponding to the speech utterances are provided using word~ phrase or sentence 

models. 

The fundamental difficulty of speech recognition is the high variability of speech 

signals. Based on a priori knowledge. the speech waveform is a band-limited signal. 

The bandwidth of speech can be limited to 4 - 6kHz without reducing its percep­

tual characteristics significantly. Even by only considering this limited a priori 

knowledge~ a large number of samples is still required to represent speech signal. 

The speech signal is generated by the movement of the articulatory apparatus 

which modulates the air pressure to generate speech. Although speech signal has 

energy and information in the frequency domain up to several kHz. its pattern 

does not significantly change in intervals of more than lOms because of the slow 

movement of articulators. The speech signal is also produced by humans in a way 

that is easily recognizable by the human recognition system. 

The speech signal contains information that is not useful for recognition pur­

poses such as the identity of the speaker~ the speaker"s emotional state, speaking 

rate. etc. Also, the characteristics of a given utterance can di:f£er significantly for 

different occurrence of the utterance. Such differences are also recognizable for 

human listeners, but they are not useful for the purpose of recognition. Fig. 1.2 

shows the spectrograms ( short time Fourier transformations) [40] of the word zero 

produced by a female and a male speaker, respectively. There is an evident sim­

ilarity in the appearance of the patterns. However, the patterns have distinctive 

differences as it may also be heard in the sound of these utterances. 

In general, if the performance of classifiers is inadequate, new features should 

be added. Increasing the number of features requires an increase in the number of 
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Figure 1.2: Word zero uttered by ( a) a female speaker (b) a male speaker 
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CHAPTER 1. INTRODUCTION 4 

model parameters. Such an increase will reduce the performance of the classifier 

beyond a certain limit due to three factors: lack of enough training data, improper 

choice of models. and lack of an appropriate training algorithm. Feature selection 

and extraction can alleviate these design problems. Also~ feature selection and 

extraction are appealing for real time speech recognition. as they can highly reduce 

the dimensionality of the feature space. and thereby reduce the computational 

costs. Moreover. each feature can usually be evaluated independently of others 

using parallel processors. 

Ideally, the design of feature selection and extraction algorithms should be based 

on minimi?.ing the probability of cl'-'Ssification e1Tor. In this case, the design of 

feature selection and extraction cannot be separated from the design of the classifier. 

An ideal feature extractor is nothing other than an ideal classifier. The design 

difficulties of feature selection and extraction based on mjnimiziug the probability 

of error are the same as the aforementioned difficulties for the design of classifiers. 

Therefore, a suboptimal solution for the design of feature selection or extraction is 

usually selected. 

There are two practical ways to carry out the feature extraction and selection 

task3. One is based on using human judgment to rely on his/her a priori knowledge 

of the classification problem to extract or select features. The other one is to define 

a class separability measure in lieu of probability of error. For feature extraction, 

a parametric structure can be defined (again based on a priori knowledge of the 

problem)? and the parameters can be found to maximize the class separability 

measure. For feature selection in this case, a set of features should be selected that 

maximizes the class separability measure. Both of these approaches are exercised 

in this thesis. 

The overall proposed recognition system is shown in Fig. 1.3. Here, a broad cat-
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Figure 1.3: The overall classification system 
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egory of speech classes is first identified at the root of the tree, and then a detailed 

classification is carried out, depending on the results of the broad classification. 

In each category~ the speech events are represented in a more discriminative na­

ture using the feature selection and extraction blocks. Moreover~ greater emphasis 

is placed to find classifier parameters that reduce the classification error using a 

discriminative training algorithm. 

The organization of this thesis is as follows. In Chapter 2, a new misclassification 

measure and a new discriminative training algorithm along with a new form of 

classifier for speech recognition are introduced. The training algorithm finds the 

model parameters that reduce the misclassification measure. This algorithm has 

a lower complexity compared to other similar discriminative training algorithms 

such as the one introduced by Juang et al. (23). The misclassification measure 
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fo also used as a measure of performance for the feature selection and extraction 

algorithms presented later in Chapter 3. Also. in this Chapter, a new discriminative 

segmentation algorithm is introduced. In this algorithm. model parameters are 

trained for the purpose of segmentation to find the distinctive characteristics of 

speech utterances within a word. The segmentation algorithm can also use the 

feature extraction and selection algorithms. This greatly reduces the computational 

cost of segmentation and improves its performance. 

In Chapter 3! the proposed feature selection and extraction algorithms are de­

scribed. The feature selection and extraction techniques allow the dimensionality of 

data to be decreased, while trying to keep the discriminative information content 

of the remaining features for the purpose of classification task. In the proposed 

feature selection and extraction processes, a classifier is first designed in the higher 

dimensional space. The form of this classifier and its misclassification measure are 

adapted to make the feature extraction algorithm feasible. The feature selection 

and extraction algorithms can provide the maximum change in the misclassification 

measure if the classifier is built in a lower dimensional space for the extracted or 

selected features. 

The preliminary selection of acoustic measurements is made based on the a 

priori knowledge of speech by extracting features from speech spectrograms. In 

practice, an expert spectrogram reader can classify speech utterances with a high 

accuracy rate. In Chapter 4, the information that is usually used in spectrogram. 

reading experiments is measured using a new image segmentation technique. In 

this algorithm, the spectrogram is first segmented into two classes of object and 

background. The object and background classes consist of pixels having common 

characteristics such as regions that can be associated to formants. For each pixel, 

the a posteriori. probabilities of belonging to each class are estimated based on the 



CHAPTER 1. INTRODUCTION 7 

knowledge about the shape and the intensity characteristics of each class. Using 

such knowledge, a new self-organizing image segmentation algorithm is introduced. 

This algorithm minimizes a defined segmentation measure in the image. The seg­

mentation measure is a function of the a posteriori probability of pixels~ and is 

minimum for any segmented image (having zero or one for the a posteriori prob­

abilities). The algorithm iteratively adjusts the probabilities of pixels to reduce 

this measure. Pixels that are less likely to belong to object or background classes 

are adjusted less in each iteration, delaying their segmentation until more image 

information is available. 

In Chapter 5! some speaker independent isolated word speech recognition exper­

iments are provided. The experimental results validate the proposed algorithms. 

Finally, in Chapter 6. summary and conclusion of the thesis is provided. 



Chapter 2 

Training criteria 

2.1 Introduction 

Bayes decision theory [17] (15J is a fundamental theory in classification. It is opti­

mum in terms of mjnimfaing the probability of classification error. In Bayes theory, 

class C;. for an input sample Xis selected ~ if the a posteriori probability of that 

class~ P(CilX), is maximum among all the possible classes. Therefore~ classifiers 

can be built by estimating the a posteriori probability of each class on the input 

domain. However~ we have 

P(C·IX) = P(Ci)P(XICi) 
I P(X) • (2.1) 

Considering Bayes decision rule, we only need to estimate the a priori probability 

P(Ci)~ and the conditional probability P(XIC;.), of each class C;. since P(X) is the 

same among all classes. Estimates of the conditional probabilities are usually pro­

vided by assuming that each class Ci is generated by a parametric probability model 

with the parameter set of Ai- That means, we choose P(XIAi) to model P(Xf Ci). In 

8 



CHAPTER 2. TRAINING CRITERIA 9 

this case. model parameters .,\i can be estimated based on the maximum likelihood 

criterion. where we maximize 

(2.2) 

over all the samples X 1 • .X2 ~ .... xu of the training set of class C;. (assuming inde­

pendence between training samples). 

Considering the Bayes decision theory~ only an accurate estimate of the a pos­

teriori probabilities around the decision surface is required to build an optimum 

classifier. Therefore. more emphasis can be placed for estimating the parameters 

of the models to estimate the a posteriori probabilities accurately in more critical 

regions of the feature space ( around the decision boundaries). Since the exact de­

cision boundaries are not known, approximate boundaries are first estimated using 

estimates of a posteriori probabilities (based on maximum likelihood training)! and 

then misclassification measures representing the degree of ambiguity about the clas­

sification of each input are defined and minimized. The misclassification measure 

can place more emphasis on regions closer to decision boundaries. This approach 

for finding the model parameters, is referred to as discriminative training. Com­

pared to the maximum likelihood approach, the cost of training is usually higher. 

However, the model parameters are usually better estimated for the objective of 

minimizing the error rate. 

When the assumptions about the parametric probability models are correct 

or classes are distinctively separated in the feature space.. maximum likelihood 

training can perform well. On the other hand, if we have poor models for the 

underlying probability distributions and the classes are not distinctively separated, 

the discriminative training should be selected when the computational costs can be 

afforded. 
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In this chapter. different classifier design approaches are reviewed and a new 

approach for the design of classifiers is introduced with an emphasis on models 

suited for speech recognition. Also~ a new segmentation algorithm for speech seg­

mentation is introduced. This algorithm can find model parameters to distinctively 

characterize the differences within a speech unit such as word. 

2.2 Minimum risk and error criteria 

Suppose. for an input X, class Ci is selected. If X indeed belongs to class C; 

and if a loss of l(CilC;. X) can be associated to such a decision~ the expected loss 

associated with selecting class Ci can be written as (15} 

R(C.IX) = L l(CilC;!X)P(C;IX). 
j 

(2.3) 

This expected loss is usually referred to as conditional risk. The overall risk can 

then be defined as 

R = L R(C(X)IX)P(X)dX, (2.4) 

where C(X) is the class selected for a given observation X. It is clear from the 

above definition that for minimizing the overall risk, one should select the class 

with the minimum conditional risk for a given observation X. 

If the conditional risk for a correct selection is ~sumed to be one and for an 

incorrect selection zero, the overall risk can be interpreted as the probability of error 

and the optimum selection is the class with the highest a posteriori probability, since 

the conditional risk can be written as 

R(CilX) = E l(CilC;,X)P(C;IX) = L P(C;IX) = 1- P(CilX). (2.5) 
j i.#i 



CHAPTER 2. TRAINING CRITERIA 11 

To build up a classifier, one may estimate the conditional risks or the a posteriori 

probabilities of different classes depending upon having minimum risk or minimum 

error rate as the criterion, respectively. 

Another common approach to build a classifier is to use discriminant functions in 

lieu of the a posteriori probabilities. In this case. a discriminant function 9i(X; A.), 

with free parameters A.~ is associated to each class Ci. The class Ci is selected ( in 

a similar way as in Bayes classifiers) when it has the highest gi(X; Ai) among all 

classes, i.e., when 

(2.6) 

The optimum Bayes classifier can be achieved by selecting 9i(X; Ai)= -P(CilX). 

However! the choice of optimum discriminant functions is not unique. For example, 

they can be multiplied by a positive constant, added by a constant or even replaced 

by /(gi(X; ;\)), where/(•) is a monotonic function, without changing the probabil­

ity of error. Considering Eq. (2.1), the following discriminant function also results 

in the optimum classifier for minimum error rate criterion: 

(2.7) 

The discriminant functions do not necessarily need to be monotonic functions of a 

posteriori probabilities to result in optimum classification. The only requirement 

is that the inequality (2.6) results in the same classification as Bayes inequality for 

every point in space. The approach that is usually selected is to make the discrimi­

nant functions be close to monotonic functions of the a posteriori probabilities only 

in the regions close to estimates of decision boundaries. 

There are different ways to estimate the parameters of the discriminant func­

tions. Assume the discriminant functions are limited between zero and one. One 
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criterion is based on minimizing a mean square error function over the feature space 

defined as 
M M 

Em= L 1 P(X. Ck) ~]t>(Ck = Ci) - gi(X; .X.}]2dX. (2.8) 
k=l X i=l 

where o(s) is one if the statement ... s"' is true and zero otherwise, P(X~ C1c) is the 

joint probability of class C1c and input X. and M is the number of classes. It can 

be shown that the above error function can also be written as ( see [36} for more 

detail) 

Em=~ fx P(X)[P(CilX) - Ui(X; .X.)]2 + P(CilX)[l - P(CilX)]d.X. (2.9) 
I 

As can be seen from the above equation. the global minimum of the error is 

achieved when 

(2.10) 

That means. if the parametric form of the discriminant functions are consistent 

with the true a posteriori probability functions of different classes, this criterion 

can result in the minimum error rate. In this training algorithm, the error may 

decrease during the course of training, but the probability of error may increase 

at the same time. Note that only the giobal miniro11lll of the error function is 

an optimum solution. This is an important drawback as the training algorithm is 

usually trapped in the local minimum of the error function. 

The above shortcoming of training algorithm is addressed by Minimum Classi­

fication Error algorithm (MCE) proposed by Juang et al., [23}, (26], (46}. In this 

algorithm, a misclassification measure is first defined £or any input sample X to 

measure the degree of performance of the classifier. A common form of misclassifi­

cation measure is defined as 

(2.11) 
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where 9i( •) is the discriminant function of the correct class. A is the set of model 

parameters and T/ is a positive number. A cost function ( a monotonic function of 

h(•)) is defined as ,(e~(X;A)), where e is a positive number and 1(:e) is a sigmoid 

function defined as 

(2.12) 

This cost function is defined to place less emphasis on regions having high 

misclassification measure, that is~ regions having less degree of ambiguity about 

their class membership. Moreover, it can make the training algorithm feasible as 

the misclassification measure is limited for any input sample. We ca» minimize the 

expected cost in the domain X in a similar way as risk theory to find the model 

parameters. That is to minimi1;e 

(2.13) 

However~ the classification error rate can be written as 

(2.14) 

Comparing Eq. (2.13) and Eq. (2.14), we can see that the difference is only in the 

second d( •) term of Eq. (2.14) and the "Y( •) term of Eq. (2.13). One can make these 

two terms as close as possible to each other by varying the value of parameters { 

and 1/ [23]. By increasing 1/, we approach to max; g;(X; A;) for the second term in 

Eq. (2.11), and then by increasing{, we approach to one for a wrong classification 

and to zero for a correct classification. Therefore, the minimization of the overall 

cost function (Eq. (2.13)) is consistent with minimization of error rate, as the 

defined error function is indeed a smooth representation of the error rate. 

The minimization of the defined error function is usually carried out using a 

steepest descent algorithm which finds a local minimum of the error function. As 
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was discussed earlier. the defined cost function places a greater emphasis on more 

accurately estimating the a posteriori probabilities ( or their monotonic functions) 

around the decision boundaries. This emphasis can only be meaningful if a good 

approximation of initial model parameters or decision boundaries exists. If this is 

not the case. the chance of being trapped in an undesirable local minimum. may 

increase since a wrong cost has been initially associated with regions of space. 

The initial approximation of model parameters is usually provided by initializing 

the discriminant functions 9i(X; .,\i)'s, by log(P(XIA.i)) (assuming equal a priori 

probability for different classes), where Ai's have already been estimated based on 

maximum likelihood criterion. 

2.3 A new misclassification measure 

As mentioned before~ the essence of discriminative training can be interpreted as 

properly modeling the a posteriori probability functions ( or their monotonic func­

tions) in the neighborhood of decision surface. The maximum likelihood criterion 

can provide estimates of the decision boundaries. Therefore, one can use such 

boundaries, and place a proper emphasis on different regions of space. In the 1\-ICE 

training algorithm proposed in [23] , the parametric form of discriminant functions 

of each class is defined as log(P(CilX)), and its parameters are initialized using 

maximum likelihood training algorithm. Here, the parametric form of discrimi­

nant functions is defined as a function of the parametric form of the a posteriori 

probabilities of all classes. The form of discriminant functions is defined to be 

1 M 
9i(X; A) = M L 7({21ri;(X; .,\)), 

-1 j=l.j# 
(2.15) 
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where M is the number of classes~ ~2 is a positive constant, and 1ri;(X; ,\) is defined 

as 

(2.16) 

and 1( ·) is a sigmoid function and is defined as in Eq. (2.12). Note that the use of 

1( •} function place less emphasis on regions of space that are far from the decision 

boundaries. ff we assume equal a priori probabilities. we have 

1ri;(X; ,\) = log P(Xl"'1) - log P(XIA; ). (2.17) 

If P(CilX) is maximum among all classes~ then gi(X; A) is maximum for all 

classes and vice versa, since each term ofEq. (2.15) is greater than a corresponding 

term of the discriminant functions of other classes, i.e., if P( Ci IX) is maximum 

among all classes, then 

where Ck is a class other than Ci and Ci. Also! we have 

Therefore, we have 

(2.20) 

Clea.rly't for the minimum error rate criterion, one should select the class having 

the highest g.( ·) or P(CilX). The motivation behind the selection of this form of 

discriminant functions will be more clarified when state models and feature extrac­

tion and selection algorithms are presented in this thesis. 

In a similar way as in the MCE algorithm, a misclassification measure 11;,(X; .-\) 

for each class i can be defined as 

(2.21) 
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where 
1 }vf-2 

8
M = 2 + 2(M - 1). (2.22) 

A cost function li can also be defined as 

(2.23) 

The above cost function is also a smooth representation of probability of error. 

If 6 >> 0 and 6 >> 0. for a correct classification, Ii is close to zero and for a wrong 

classification, /i is close to one. If a conect classification is made, 9i is maximum and 

is close to 1. That implies"' is negative since l/2+(M -2)/2(M-l) < 1. Negative 

hi means li approaches to zero as {3 becomes large. If a wrong classification is made, 

g,c(X; .,\) of a class k other than class i is maximum. It implies that P(C1:IX) is 

maximum~ and it can be concluded that 

1\1-2 
0 ~ Ui( X; .,\) < M _ I, (2.24) 

and from here hi becomes positive and therefore li approaches to one if e3 is large. 

Now, consider the overall loss 

(2.25) 

Comparing the above cost function and the probability of error as in Eq. (2.14), 

it can be concluded that the overall cost can be made as close as possible to the 

probability of error, and minimization of overall cost is consistent with minimization 

of error probability. 

Since the distribution of training data is usually unknown, the overall misclas­

sification measure defined in Eq. (2.25) is estimated by an empirical average cost. 

Consider the set of input samples is X 1 , X 2, •• ·,xv., .. ·, xu. We can miniroizP. 

s,. = LL 6( C(X") = Ci)t{.XU; .,\), (2.26) 
u i 
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where C(X") gives the class to which the input sample X"' belongs. The model 

parameters can also be found to minimiie the overall misclassification measure over 

the space. i.e.~ the following cost function can also be selected 

(2.27) 

and the following overall cost should be minimized 

Sm = LL 6( C(.XU) = Ci)9i(X1'; A). (2.28) 
u i 

One common approach for minimizing the overall misclassification is to use the 

steepest gradient descent algorithm. According to this algorithm, the parameters 

are adjusted in proportion to the negative gradient of the misclassification measure. 

The model parameters can be updated using 

A 1f+l - - '°''°' .(C(Xu) - C·)84(X;A)I 
.u."'i - a~ 7 a - ' 8).. .\i=.\f ~ (2.29) 

where a is the learning rate and ( is the iteration number. 

In the following~ we try to partly explain the motivation behind the selection of 

the form of discriminant functions. Consider two classes that can be modeled by 

Gaussian probability distribution with tied diagonal covariance matrix (Ei = E; = 
E) and the mean Mi and M; for class i and j respectively. Also, assume equal a 

priori probabilities for the two classes. Therefore, for a point X 0 = [z~, ... , :r:~, we 

have 
P(X°I~) -

1 ( 1 ~n <=•-ma)2) 
- (21t)n/i{n:_10'•)1/2 exp -i L.tlc=l ai ' 

(2.30) 

where tr1c is the kth diagonal element of E, Tnil: is the /cth element of M,., and z, is 

the kth element of X 0 • 

The decision boundary between the two classes is a hyper-plane. Fig. 2.1 shows 

such a boundary. In this figure, do is the distance of an input sample X° from the 
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t 
x,. 

Figure 2.1: Two typical classes and their corresponding hyper-plane decision boundary 

decision boundary, d1 and d2 are the distances of the input sample from the mean 

of different classes M1 and M2 respectively~ and a 0 is the distance of the two means. 

The decision boundary has the following equation ( see Fig. 2.1): 

(2.31) 

where 

7r;;(X0
; A) - log P(X0 JAi) - log P(X0 IA;) 

l "" (z.t-mi11)2-(z11-m;11)2 

- - i .lJlc=l "1 (2.32) 

"" mi•-m;.t [ m;i+mur • 
- ~=1 a4 ~k - 2 1, • 

and the associated misclassification measure would be 

(2.33) 

However~ we can easily see that 

(2.34) 
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• • • 

Figure 2.2: State model 

where a 0 is the distance between the mean of the two classes normalized by co­

variance values, d0 is the distance of X 0 from the decision boundary~ and q0 is 1 if 

X 0 belongs to the correct class and -1 otherwise. These values, do and a 0 , can be 

calculated as follows: 

(2.35) 

and 
n 

ao = [1) mile -., m;,e )2]1/2. (2.36) 
k=l (Tk 

Note that the direction perpendicular to the decision hyper-plane is only important 

for classification. do and a 0 ( and consequently 1r ij ( X 0 ; A)) and the misclassification 

measure hi remain the same if this direction is preserved. In practice, decision 

boundaries can be estimated by several hyper-planes. As it will be seen in the next 

chapter! the directions perpendicular to these hyper-planes can eventually define 

the feature space for classification. 

2.3.1 State models and discriminative training 

The speech signal is not a memoryless signal. This is mainly a result of the articula­

tory constraints imposed in generating speech sounds and the phonetic constraints 

imposed by language models. Hidden Markov Models (HMM's) [42], (41}, [19} are 

simple yet efficient in modeling this characteristic of speech signal. 



CHAPTER 2. TRAINING CRITERIA 20 

Consider a Markov model (see Fig. 2.2) with a state transition probability 

matrix A= [a..,1 where a.,. is the probability of making a transition from states to 

stater. Also. consider the initial state probability matrix II= [1r'.], where 1r. is the 

initial state probability of state s. Let b.(Xt) be the probability density function 

governing the observation Xt ( each observation is actually a feature vector extracted 

from speech frame) produced by states. Let qm = sb ... ~ ST be a possible sequence 

of states. The density function of an input X produced by a Markov model can be 

defined as the following equation 

or 

P(XIAi) = L 1r,1Il;=1a•t-t•tb,t(Xt), 
allqm 

(2.37) 

P(Xl.-\.i) = allmax 1r,.rr;=l a•t-t•tb,,:(Xe)- (2.38) 
qm 

The optimum state durations for Eq. (2.38) can be found using Viterbi algorithm 

as described in [ 42]. 

To estimate the model parameters A, the model likelihood score should be max­

imized. This can be achieved based on the Baum-Welch algorithm (42] or the 

segmental k-means algorithm [22]. The second approach uses Eq. (2.38) for the 

likelihood score. This algorithm is more attractive as it has a lower computational 

cost while having similar performances as Baum-Welch algorithm. This algorithm 

has two steps: the segmentation step and estimation step. In the segmentation 

step, the state durations that maximize the overall likelihood are found. In the 

estimation step, the model parameters (A) are estimated using statistical charac­

teristics of the cluster sets found in segmentation. These two steps of segmentation 

and estimation are repeated for several iterations until the change in the average 

likelihood probabilities of input samples in the training set becomes small. For 

more details of the algorithm, the reader is referred to [22]. Several algorithms 
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have also been proposed in literature for finding the parameters of hidden Markov 

models based on discriminant training criterion. In [1]: Bahl et al. use maximum 

mutual information as the criteria. Juang et al. [38], [23], [21}, [4J~ [26] minimize 

a misclassification measure to find the model parameters. 

Another practical issue in Hl\'11\'r s is that the initial state probabilities and the 

transitional state probabilities are not important factors in classification decisions 

or in segmentation decisions of the Viterbi algorithm. This is due to lack of dis­

criminative capability of such parameters [24]. The transitional probabilities also 

inherently model the duration of stay in each state of the model by 

(2.39) 

This assumption about the state durations imposed by transitional probabilities 

is inappropriate for almost any speech event [24]. 

Semi-Markov models [43] try to address this shortcoming of Markov models by 

introducing a distribution model for probability of stay in each state. The models 

that are adopted for discriminant functions of speech classes are based on similar 

models to semi-Markov models with Gaussian state distributions. In the following, 

these models are introduced. 

Consider a semi-Markov model with S states (Fig. 2.2), where the states take 

the duration sequenced= d1, ... ,ds, respectively, that is the model stays in state 

1 for d1 frames! etc. Let X = X1, ... ,XT be the observed frames for the modeled 

token having total length T = d1 + ... + d5 . The free parameters used to train 

the model are collected as,\= {M, E), where Mis the mean and Eis covariance 

matrix for the continuous output densities associated with the states. 

Let b.(Xt) be a Gaussian probability density governing the observation Xt pro­

duced while the model is in state s. Observations are modeled as conditionally 
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independent and identically distributed given the state. Duration of stay in each 

state is modeled by a uniform distribution having a. roiniron.m. duration of rin and 

a maximum of rcu. Let Dm = {di .... , rf;', ... ~ ti;'} be a possible set for duration 

of stay in state 1 to s, where ct;' be the duration of stay in state t. The density of 

observation can be expressed as the following equation: 

or 

P(X) = L [bi(Xi) • • "b1(X,r )] • • • [bs(Xdi+···+"s-1 +d •"" bs(XT )], 
allDm 

(2.40) 

Viterbi beam algorithm (34] is a practical way to calculate Eq. (2.41). In this 

algorithm.! only a maximum of N best path up to each frame of time is considered. 

N is referred to beam size. In HMM!s, calculating the best state sequence has a 

problem size of O(S X T)! where Sis the number of states in the model and Tis 

the duration of input sample. In the Viterbi beam algorithm used for calculation 

of Eq. (2.41)~ the problem size is of the order of O(Sb X T), where S,, is the 

average beam size. This increased computational cost is a disadvantage of semi­

Markov models over HMM's. However! as it will be seen in the next section, model 

parameters can be tramed to properly model the differences within states of the 

model. As a result, the maximum size of beam can be reduced in this algorithm. 

In the proposed algorithm, the state durations are found using a discriminant 

segmentation algorithm described in the following section. Therefore, the model 

parameters only need to be estimated using the statistical characteristics of the 

segmented input tokens. After the models are trained, they are used to initial­

ize the discriminant functions before applying the discriminative training. The 
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discriminant function of each class is defined as 

9i(X; .,\) = L 1(e2(log(P(X!Ai)) - log(P(XIA;)))), 
j,j:;:i 

where {2 is a positive constant. It is also known that 

and 
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(2.42) 

(2.43) 

(2.44) 

where N( •) is defined as in Eq. (2.30), and l'lff and E: are the mean and covariance 

of the state selected at time t for input vector Xt in the model of class ·i. 

Here, diagonal shared covariance matrices are used and the following approxi­

mation is applied 

where 1r~. is ,, 

1 T 
log(P(XIA.i)) - log(P(XI.X;))) = TE "'1({11rf;) - 0.5, 

t=1 

Tl t t t+ t 
t - ~ mil, - m;1c [ t m;1c mile} 

1r ii - LJ t 2 :,; le - 2 ' 
k=l (Tijlc 

(2.45) 

(2.46) 

for the state parameters selected for class i and j at time frame t ( uf;1c is the kth 

element of the shared covariance between state i and j). Please note that if e1 is 

small enough, we are in the linear portion of the sigmoid function, and therefore by 

applying the nonlinearity imposed by 7( • ), we will not have a different classification 

result other than that of maximum likelihood. In practice, usually the performance 

is slightly better, as the nonlinearity of sigmoid function can limit the effect of an 

input vector Xt in the overall decision making. Although initially the class with 

maximum P(XIAi) results in maximum g.(X; A), this may not be the case after 

training of model parameters using discriminant training algorithm. 
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The empirical overall cost function that should be minimh1.ed for a set of input 

samples X l, .... Xu is defined as follows: 

Using steepest descent algorithm~ the adjustment of mean parameters is as 

follows: 

where 

and 

(2.50) 

and 

(2.51) 

and 

(2.52) 

In the experiments reported in this thesis, the mean parameters are only adjusted. 

As can be seen from the above equations, the training algorithm is very similar to 

the training algorithm of LVQ2.1 [29] (28] (30]. Here, the terms y(l-y), w(l-w)~ 

v( 1-v) play the role of the window region in LVQ2.1 algorithm. Compared to MCE 

algorithm [21 J, the cost of calculating the derivative of the overall cost function is 

lower resulting in faster training time. 
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2.4 Discriminant segmentation 

For traditional speech recognition systems using Hidden Markov Models, the op­

timum segmentation is to find the sequence of states that maximizes the overall 

likelihood of an input sample produced by the Markov model. This strategy has 

some advantages and disadvantages. The main advantage is that the same model is 

used for segmentation and classification. The disadvantage of this strategy appears 

when we study the differences of more confusing classes of speech. Such classes 

of speech often differ in a limited numbei· of features within a limited number of 

frames. These frames usually are not assigned to a separate state using the max­

imum likelihood segmentation, as they cannot produce a significant change in the 

overall likelihood. As a result, the statistical characteristics of such regions do not 

change the statistics of their associated states significantly. As a result~ the overall 

classification is not affected by these regions. 

Another problem appears when model parameters are trained using discriminant 

training. In this case, the model parameters are trained to minimize the defined 

overall cost functions. Therefore, such parameters are not valid to estimate the 

likelihood models anymore. Since in the Viterbi segmentation. the optimum choice 

of state durations that maximizes the overall likelihood are selected, the newly 

trained parameters cannot be used to do the segmentation task. Therefore, the 

task of segmentation and classification should be carried out by different models. 

If we carefully examine the segmentation task'.' we notice that it is nothing more 

than a classification problem. In segmentation, we have to classify or select the best 

path from a set of possible paths. The maximum likelihood segmentation selects 

the path that has the highest likelihood. Similarly, we can associate di~criroinant 

functions to each path and select the path having the highest discriminant function 



CHAPTER 2. TRAINING CRITERIA 26 

value. Also. similar to discriminant training algorithm described in the previous 

sections, misclassification measures can be defined and discriminant training algo­

rithm can be applied for training of segmentation models. Discriminant training 

can only focus on the acoustic differences within a class which is a reduced clas­

sification problem. As it will be seen in the next chapter, a feature extraction 

algorithm can also be applied for segmentation purpose that can greatly reduce the 

computational. cost of discriminative segmentation. 

Here, we define a discriminant function for any given path. The path is selected 

such that its discriminant function is maximum. To initialize model parameters, 

each input sample is first hand segmented and the parameters of the state models 

are initialized using the statistical. characteristics of their associated segmented 

regions. 

Consider a path qu = si, ... , s~, ... , sT, where s~ is the state that input X" has 

stayed in at time frame t. The discriminant function of this path is defined as 

(2.53) 

where J is the number of states in the model and, 

(2.54) 

If q• = {si, ... ,a;, ... ,s;.} is a path that maximizes P(X"IA) over all possible 

choices of q, and if ~1 is small enough that we are in the linear portion of the 

sigmoid function, then q• also maximizies g(X"; q) over all possible choices of q. 

This can be proved as follows: Let assume that qm. = {sf, ... , af, ... , 4} is a 

path other than q•, then we have 

T,. T,. 

Elog(P(~ls;)) > Elog(P(~ls~)), (2.55) 
=:1 e=:1 
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then, we have 

Tu J Tu J 

2:(Jlog(P(X;ls;))-L log(P(X;ls;))) > L(Jlog(P(X~ls;'))-~ log(P(X;Js;))), 
t=l j=l t=l j=l 

(2.56) 

and we have 

Ef::1 Ef=t,•;;e•; log(P(X;'!s;)) - log(P(X;'ls;)) > 

E:::1 Ef=l,•r;e•r log(P(Xflsr)) - log(P(X;'ls;)), 
(2.57) 

and by considering that 7( •) is a monotonic function and {1 is small enough, we 

have 

(2.58) 

Here, for the training of model parameters, we minimize the misclassification mea­

sure of the best paths in the training set. If we have a set of input training tokens 

X1, .... xu with their corresponding best paths q1, ... , qu, we minimize the follow­

ing cost function 
u 

G = - L g(XU; q"). (2.59) 
u=l 

Note that the optimum state durations should be found using the Viterbi beam 

search to reduce the computational cost. However, due to discriminant ability of 

the model, small sizes of beam results in almost perfect segmentation. In my ex­

periments, the maximum beam size was selected to be 50. Also, note that the 

computational costs can be reduced using the feature selection and extraction al­

gorithms proposed in the following chapter. 
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2.5 Summary 

A new discriminant training algorithm along with a new form of state models for 

the design of speech classifiers was introduced in this chapter. The training alg~ 

rithm first initializes the model parameters using statistical characteristics of the 

training set. Then~ model parameters are adjusted using a discriminative training 

algorithm by minimizing a defined misclassification measure. The misclassification 

measure is a smooth version of probability of error. Therefore, the probability of 

error is indirectly minimized. A new discriminant segmentation algorithm was also 

introduced. Discriminant functions were associated to each possible path of the 

state model and the model parameters were trained to emphasis on the differences 

of states within speech units such as word. 
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Feature selection and extraction 

3.1 Introduction 

Feature extraction is a preprocessing mechanism to reduce the dimensionality of 

data by mapping the original measurements into more discriminative features. The 

proper choice of the mapping functions depends on a priori knowledge of data and 

in practice, usually heuristic techniques are used for this selection. A completely 

optimal feature extractor can never be anything but an optimal classifier. In other 

words, if the minim11m error rate criterion is our objective, the design of mapping 

functions cannot be separated from the design of the classifier. Examples of such 

systems can be seen in literature in [4], [45}, [35], [31], (5], (33]. It is 11S11ally 

hard to achieve the objective of minimum error rate criterion, mamly due to high 

dimensionality of feature space. Therefore, class separability measures are denned 

and optimized instead of error rate criterion to measure the discriminative power 

of new feature set. 

Generally, if the performance of a classifier is inadequate, we would like to add 

29 
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new features. in particular those features that are more effective for the classification 

of more confusing classes. The performance of the classifier should increase if an 

optimum classifier can be built up in the new feature space. The worse thing is that 

the optimum classifier ignores the new features. In practice. beyond a certain point, 

inclusion of new features leads to worse performance of classifier. The basic source 

of the problem can be traced to the fact that we usually use a parametric classifier 

to model the optimum classifier. Such a classifier requires more free parameters 

to model the higher dimensional input space. When the models are estimating a 

posteriori probabilities ( at least around the decision boundaries), the increase in 

the number of model parameters usually results in an increase in the mismatch 

of models and true a posteriori probabilities. When the number of parameters is 

increased, the chance of finding the optimum set of parameters is also decreased. 

Moreover, we require a higher number of sample data to estimate the increased 

number of parameters, resulting in another possible source of error. 

Feat'Ure selection is an approach to alleviate these design problems. Here, we 

select a subset of k features from n possible candidate features. In practice, a linear 

transformation of the feature space before or after feature selection can usually 

improve the performance of the classifier considerably. This method is an example 

of feature extraction. The optimum solutions (reducing the error rate) for feature 

selection or extraction are hard to find. Therefore, instead of reducing the error 

rate, some predefined discriminative measure in data is maximized. 

There are several attempts in literature to design a discriminative feature ex­

traction [4], [5], [31J. Various techniques have also been used to jointly train the 

parametric form feature extraction and classifier [45}, [3], [12}, [35], [33}, (8], [7], [9]. 

My approach to the problem is to use the classifier built in the higher dimen­

sional space, and use its misclassification measure as an estimator of the discrimi-
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nation ability of different directions in the feature space. Although such a classifier 

cannot be a solution for the classification problem. it can provide certain useful 

information on the informativeness of different directions in the space. In this 

chapter. we first review some related work for feature selection and extraction, and 

then describe our proposed algorithm. 

3.2 Related works 

A classical method to reduce the dimensionality of data is a technique known as 

Karh·unen-loeve expansion (KL-expansion) or principal component analysis [15]. 

Consider an n-dimensional random vector X. This vector can be represented by 

n orthogonal basis vector ti i without any error. In KL-expansion, we represent -
the n-climensional input vector X by an m-dimensional estimate Xm. Here, the 

estimate is found such that the mean-squared of the magnitude difference of these 

two vectors is minimiied. That is, to minimfae 

(3.1) 

It can be shown that this estimate should be evaluated as follows ( see ( 17] for more 

detail) 
- m n 

Xm = L 1/iji + L ~.Ji, (3.2) 
i=l i=m+l 

where 

b;. = E{yi} = if E{X}. (3.3) 

and i/s are the eigenvectors of the covariance matrix of X, Ex, sorted to the order 

of their corresponding eigenvalues Ai, where the largest one is i 1 . In this case, the 



CHAPTER 3. FEATURE SELECTION AND EXTRACTION 32 

error can be shown to be (see (15]) 

n 

e-2 = I: ,x.. (3.4) 
i=m+l 

The normalized value of eigenvalues can be defined as 

Ai 
f.'i=--. 

E;Ai 
(3.5) 

Based on the acceptable level of error or the normalized value of eigenvalues~ one 

can select the dimensionality of the new feature space. The KL-transform has 

three attractive properties. First~ it can order the importance of each direction 

in representing X using the value of its corresponding eigenvalues. Second. the 

covariance matrix of X is diagonal. Third, the transformation is optimum in terms 

of minimizing the mean-squared error defined in (3.1) over all choices of orthogonal 

transformations. 

The disadvantage of using the KL-expansion in pattern recognition is that this 

transformation is only appropriate in terms of representing the data not in terms 

of minimizing the classification error or maximizing a class separability measure. 

Another disadvantage of this algorithm may appear in calculating the covariance 

matrix, since we require an increased number of sample data when the dimension­

ality of the input space is increased. 

Another common approach for feature extraction is based on finding a linear 

mapping A of then dimensional measurement space, and then select m features such 

that a measure of discrimination ability is maximized. Fisher's linear discriminant 

method [15} is an example of this approach, where we try to maximize 

AtEbA 
(3.6) 
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where Eb and Ew are the between-class and within-class scatter matrices, respec­

tively, and are defined as 

(3.7) 

(3.8) 

where P(Ci), M. and Ei are the a priori probability. mean and covariance matrix 

of class Ci, respectively. M0 is the mean of all classes. i.e., 

(3.9) 

Fisher·s algorithm finds the linear mapping A from then dimensional space to the 

K - 1 dimensional space where K is the number of classes. It can be shown that 

the optimum solution for this criterion can be obtained by solving a generalized 

eigenvector problem 

(3.10) 

where~ are columns of A corresponding to k - 1 nonzero eigenvalues of Ai- The 

reader is referred to [15J for more detail. The basic shortcoming in using such 

criterion is that the class separability measure used in Eq. (3.6) is not optimum 

for all cla.-,sification problems. There are certain practical cases where this criterion 

does not perform well. For example, when the mean of a class is very dilf'erent 

from the mean of other classes, that class will then be dominant in calculating 

the between class scatter matrix, and therefore undermining the feature extraction 

method. Moreover, the true estimation of the criterion may not be very accurate 

when the dimensionality of the feature space is increased due to possible lack of 

enough training data. 

C. Lee et al. use decision boundaries estimated in the higher dimensional space 

to find the importance of dilf'erent directions in the feature space [32].. They first 
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Figure 3.1: A simple counter example for Lee's algorithm 

define the following feature matrix 

1 / - -T 
ED= K ls N(z)N (z)p(x)dx. (3.11) 

where N ( z) is the unit normal vector to the decision boundary at point z, p( z) 

is the probability density function of x, K = f 5 p( z )dz, and S is the decision 

boundary. They claim that if this matrix has zero eigem~ues, the direction of their 

corresponding eigenvectors do not have any useful information in the classification 

task. They further generalize the algorithm and try to sort different direction ba.,ed 

on the eigenvalues of the feature matrix. 

It can be seen that the above claim is not valid in some practical cases where 

p( z) = 0 on the decision boundary. Fig. 3.1 is such an example. Here, we assume 

the distribution of data is uniform within each circle for each class and it is zero 

elsewhere. Following the above algorithm, we can see that the feature matrix 

has a zero eigenvalue and that the zero eigenvalue corresponds to the direction 
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parallel to line d1 . That means the direction perpendicular to such a line can 

only be considered for classification without having any increase in error rate. As 

can be seen from the figure~ this direction will result in an increase in error rate. 

Moreover, p(x) is introduced in Eq. (3.11) to place a weight on regions having 

a higher concentration of data. Such emphasis is simply not valid. In fact, every 

point in space should provide a share in feature selection or extraction as each point 

has a share in the probability of error. 

My proposed approach for feature extraction and selection that will be pre­

sented in the next section was motivated by the above approach. In the proposed 

approach. decision boundaries are approximated by several hyper-planes. The dif­

ference in calculating the similarity matrix is in the weighting factors p( x). These 

weighting factors are replaced by the misclassification measure of each point. Also 

the integration is carried out over the whole space not just over the decision bound­

aries. 

As mentioned before. one can directly select a subset of features without do­

ing any transformation. This approach is rather interesting mainly because of its 

reduced computational cost in building the classifier after the selection of appropri­

ate features. Moreover, feature selection can eliminate irrelevant information ( i.e. 

noise in general). Here, some measures of class separability are also used instead 

of probability of error to evaluate the importance of different features. Probabil­

ity distances are examples of such measures. These measures allow evaluation of 

discriminative power of each feature between two classes only. The followings are 

some examples of them [15}: 

• Bhattacharyya' s distance 

J,, = -In Ix [P(XICi) - P(XIC2)]112dX. (3.12) 
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• Divergence 

(3.13) 

In another algorithm, mutual information between features and the classes is used 

to order different feature. This mutual information is defined as [111(2} 

(3.14) 

Mutual information measures the amount by which the knowledge provided by a 

feature decreases the uncertainty about that class. Therefore, the most informative 

feature can be found using the above measure. Generally, the nth selected feature, 

should be the one maximizing 

The computational cost and the increased number of required sample data to calcu­

late the above mutual information makes the above algorithm practically infeasible, 

when the dimensionality increases. 

3.3 The proposed algorithm 

If the decision boundary is a hyper-plane, the directions parallel to such a hyper­

plane do not contain any useful information for the purpose of classification. There­

fore, we can use the direction perpendicular to such hyper-plane only, without 

changing the recognition error rate. However, the decision boundaries in practice 

are not usually hyper-planes and such absolutely redundant directions do not exist. 

However, decision boundaries can be estimated using a collection of hyper-planes. 

As we will see in this section, the perpendicular directions to such hyper-planes, 
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if properly weighted, can provide us useful information about the importance of 

dilf erent directions in the space. 

Here, linear orthogonal transforms are found that can map the higher dimen­

sional space before applying feature extraction. It is shown that in the lower di­

mensional space.. at least a model can be build that its misclassification measure 

( or indirectly the probability of error) is close to that of the model in the higher 

dimensional space. Indeed, an upper-bound can be found in the maximum change 

of misclassification measure. The desired transform is the one that minimizes this 

upper-bound. It is also shown that a subset of features can be selected that mini­

mizes the upper-bound. 

Assume that the model is first trained in the higher dimensional space based 

on the discriminative training criterion explained in Section 2.3. Also assume that 

after the linear transformation ti, only the first m-dimension of a vector V are used -
in the new space for its representation. Such a vector is shown by V. That is 

(3.16) 

and, 

(3.17) 
i=l 

The squared error in representing V can be defined as 
fl, 

~2<v) = E y]. (3.18) 
i=m+l 

Here~ it is shown that if the model and input are transformed to a lower dimen­

sional space, the change in the overall misclassification measure is bounded. 

The cost function of an input xu for class i was defined as ( see Chapter 2) 

Z. = -Y( M&_ l (;i--,(t ~-Y(t11r:S) - 0.5)) + BM)- (3.19) 
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Figure 3.2: Sigmoid function 

Let 115 define, 

(3.20) 

and, 

(3.21) 

Also consider y, w and irf; as the estimation of y, w and -rrfi in the lower dimensional 

space, respectively. Considering Fig. 3.2, and the convexity of the sigmoid function, 

it can be written that 

h(y) - 1(ri)I ~ fy -1il~~:e1l:=::o 

< IY -rih(zo)(l - 7(zo)), 
(3.22) 

where z0 is 

{ 
min(y, i) if min(y, i) > 0 

zo = max(y, y) else, 
(3.23) 
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However. it can easily be shown that 

-y(x)(l - 1(x)) < 0.25 "'Ix. 

Therefore~ 

l'Y(Y) - 1(y)I :5 0.25ly - y/, 

IY - YI < Mf.3_ 1 ( -~- l7(w) - 7(W)I). 
J,J-#1 

In a similar way 

h(w) - ;(w)I :s o.2s1w - wi .. 

and 

In the following, an upper bound for I;( e11r!j) - --r( e1 if;) I is found. 

39 

(3.24) 

(3.25) 

(3.26) 

(3.27) 

(3.28) 

As it was seen in Section 2.3.1. 1rf; = <4atqh where c4 is the distance of input 

vector Xt from its corresponding boundary hyper-plane, at is the distance of of 

the pair of code-books selected for input Xe, qt is 1 if the input vector is correctly 

classified and -1 otherwise. 

Consider the parallel vectors dtNt, atNt, and ;(e1dtCltqt)lif, in the feature space, 

where Nt is the unit normal vector of the decision hyper-plane in the direction of 

correct class associated to input vector Xe. The lengths of the first m-dimension of 

dt; fit and atilt after the transformation are shown by dt; and cit, respectively. Since 

the vectors dtNt, aefJt and 7('hc4)1Vt are parallel to each other, we can have 

(3.29) 

and 

(3.30) 
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where 

(3.31) 

Considering ~ > 0 and O ~ T/ ~ 1 

(3.32) 

In a same way 

(3.33) 

Therefore 

(3.34) 

Considering the convexity of 'Y({1dcc.teqe) when qt = L 

or 

Considering Eq. (3.34), 

It can easily be shown that 

Zi(z)(l - 7(z)) < 0.23 'vz. (3.38) 

Therefore 

(3.39) 

or 
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Considering {1 ti.tat is positive, 

(3.41) 

and 

(3.42) 

which results 

7({1cleat) - 1({1dtat) s min(0.23 e
2
h(eideae)Nt) - 1 0.5). (3.43) 

0.25 - e2(1({1dtat)Nt) 

The first tennis dominant when e:?(1({1dtae).Nt) < 0.18. By evaluating the denom­

inator with the highest value of e3(1({1dtat)1Vt)! we can write: 

But 

Therefore 

(3.46) 

Following similar steps for qt= -1, 

Combining the above two inequalities, 

Combining the inequalities (3.25)-(3.28) with the above inequality, it can be con­

cluded that the change in misclassification measure can be written as 
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The above bound shows that the loss in misclassification measure is bounded by 

the loss in representing the vectors perpendicular to decision hyper-planes weighted 

by {'1'<1*:'9,l }. Based on K-L expansion technique, such vectors can be best pre­

sented if the columns of transformation are the eigenvectors of the covariance matrix 

of these vectors sorted by the value of their corresponding eigenvalues. 

Note that one can also select a subset of features without having any transfor­

mation by minimizing the upper bound over all possible subset of features. This 

can be done by sorting different directions by maximizing the average length of the 

projection of vectors ( -,(ei*;•qr) Nt) in different direction. 

As it was shown above, rnjnimiz~tion of the maximum change in overall misclas­

sification measure using feature selection or extraction requires proper representa­

tion of a set of vectors 1({1dtatqt)Nt calculated for every frame of the input samples 

of the training set. Therfore, one can partition this set depending on selection of 

states in different models and find a proper transformation for each partition. 

The above feature selection and extraction strategy can also be applied for the 

segmentation algorithm described in the previous chapter. Considering Eq. (2.53), 

and by going through similar steps as finding the bound in Eq. (3.49), it can be 

seen that the maximum change in evaluating discriminative functions of each path 

is bounded 

(3.50) 

where 1Vt is the unit normal vector for the hyper-plane associated to state sf and 

s;. By considering such a bound, feature selection or extraction can be done by 
. "'r((1r,u.,.) -

properly presentmg the vectors r: 1 Ni in the new space. Such representation 

can also be state dependent. Feature selection and extraction is appealing for the 
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segmentation algorithm to reduce the additional cost of segmentation imposed by 

using semi-Markov models. 

3.4 Summary 

It was shown in this chapter that for the given state model described in previous 

chapter~ after an orthogonal transform~ the dimensionality of the space can be 

reduced. It was also shown that by using such transform, the maximum change in 

misclassification measure of the models trained in the higher dimensional space has 

an upper-bound. The upper bound can be minimized by properly representing the 

vectors perpendicular to decision hyper-planes weighted by the share of the input 

vectors in the overall misclassification measure. The proper representation of such 

vectors is an easy task using KL-expansion algorithm. Feature selection is also 

possible by projecting such vectors in different directions of space and selecting 

the directions having a higher accumulated projection. The proposed algorithm 

can also be applied to the discriminant segmentation algorithm described in the 

previous chapter. Since the dilferences within speech units such as word is less 

complicated, the required number of features in practice is very small ( 5 features in 

the experiments reported in chapter 5). It was also discussed that feature selection 

and extraction can be implemented depending on state of the model. 



Chapter 4 

Feature extraction using 

spectrogram 

4.1 Introduction 

The speech spectrogram is a time-dependent Fourier representation of speech signal. 

To calculate the speech spectrogram, the speech signal is first Hamming-windowed 

with a window size of about 40~. The resulting signal is then zero-padded and 

its Fast Fourier Transform is taken .. The Hammjng-window is then moved forward 

( about lOms) and the same process is repeated. 

Experts can use spectrogram and classify words or phonemes from a spoken 

sentences with a high accuracy rate [40], [27], (16], [18], [37], (48}. It is one of the 

objectives of this thesis to properly measure the features that are used by these 

experts. One of the most important features is the position of resonant frequencies 

or formants in the spectrogram and their relative movements, the existence of 

voicing information in the signal, and the distribution of energy patterns in the 

44 



CHAPTER 4. FEATURE EXTRACTION USING SPECTROGRAM 45 

spectrogram. 

To extract features from the spectrogram, the image is first segmented into two 

homogeneous regions of object and background, each having similar characteristics. 

The object class is associated to regions having the desired features. For example! 

the object class can be the regions associated to resonance frequencies. 

Existing segmentation algorithms include amplitude thresholding, component 

labeling~ boundary-based approaches, region-based approaches, template matching 

and texture segmentation. An overview of the existing algorithms can be found 

in [ 6} and (20]. In the following section, a new self-organizing image segmentation 

algorithm is introduced. 

4.2 A new self-organizing image segmentation al­

gorithm 

The overall goal of this algorithm is to segment images consisting of an object and 

a background. In particular, a self .. organ.izing segmentation algorithm is presented 

that can segment the image based on a priori knowledge of object and background 

characteristics. These characteristics include the knowledge about the intensity 

of pixels in object and background classes and the shape of these classes. Based 

on Bayes decision theory, the optimum segmentation, in terms of minimizing the 

probability of segmentation error, is to decide in favor of object for each image pixel 

(j) if the a posteriori probability of that pixel belonging to object (0) is greater 

than that of background class (B) given the input image (I). That is if 

P(j E Oil) > P(i E Bil). (4 .. 1) 
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A common segmentation strategy is then to estimate the above a posteriori proba­

bilities using parametric stochastic models for object and background classes [10}, 

[13], [39], [47J, and [25]. However. such methods rely on unrealistic assumptions 

made in the selection of their stochastic models. Moreover, it is usually hard to 

find the optimum set of model parameters. As a result, the parametric estimation 

of the a posteriori probabilities does not usually result in accurate segmentation. 

However, these estimates can provide some information on the degree of confidence 

in making segmentation decisions by considering their closeness to one or zero. 

The proposed algorithm uses such confidence information provided by estimates 

of a posteriori probabilities along with a priori knowledge about the object shape. 

Here~ the value of each pixel's a posteriori probabilities is iteratively adjusted where 

less ambiguous ones are adjusted more in each iteration in hope of finding a bet­

ter estimate of the a posteriori probabilities for other pixels in the next iterations. 

Note that the a posteriori probabilities are functions of the value of other pixel's 

a posteriori probabilities in the image (usually the neighboring pixels). To avoid 

instability in such adjustments, an error function is also defined as a measure of 

overall segmentation of output image pixels. This error function is mjnjm1rm for 

any binary image ( with pixels having probabilities of zero or one). The adjust­

ment strategy also reduces this error function, thereby leading to a higher degree 

of segmentation. The a posteriori probabilities are initially estimated using the 

intensities of image pixels and the knowledge of the object shape. After this initial 

estimation is found, the a posteriori probabilities are adjusted using the a posteriori 

probabilities of other pixels and the knowledge of the object shape. 

The initial estimate of P(j E Oji) can be provided as 

Pi= P(j E Oji)= E1:eD h(j,.k)ok 
E,eo h(1,k) 

(4.2) 

where o; is the intensity of pixel i, h(j, k) is a constant depending on pixels j and 
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k. Dis a set of neighboring pixels ( inclnding node j ), 0 is the object class and I 

is the given image. After this initial estimate of p; ~ these probabilities are adjusted 

during the segmentation phase using 

~Pj+i = a I; d(j~ k)(pt - 0.5), (4.3) 
keD 

where d(j, k) is a weighting factor that should be selected based on the shape of 

objects, P• is the estimate of a posteriori probability of pixel k? t is the iteration 

number, and a is a positive constant. Here, it is assumed that d(j, k) = d(k,j). 

This adjustment strategy adjusts image pixel's probabilities iteratively, where less 

ambiguous pixels are adjusted more in each iteration. The above adjustments will 

also result in a more segmented image after each iteration. If we carefully examine 

the above training strategy we notice that it also minimizP.s the following error 

function for which any binary image (having a posteriori probabilities of zero or 

one) is a global minimum: 

n 

E = L L d(j, k)p;(l - p.). {4.4) 
i=l lcED 

This can be shown by taking the derivative of E with respect to Pi and assuming 

that d(j .. k) = d(k,j). 

~ - E,eD d(i, k)(l - p1c) - d(l:,j)pk 

- -½ E,eD d(j, k)(p. - 0.5). 
(4.5) 

Considering that a is a positive constant, and by comparing Eq. (4.5) and (4.3), 

we can. conclude that the adjustment algorithm reduces the error function defined 

in Eq. (4.4)~ as the adjustment is in the negative direction of the derivative of the 

denned error function. In summary, the end product is a self-organizing algorithm 

described a., follows: 
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• Calculate an estimate of a posteriori probability of image pixels belonging to 

object or background classes based on their intensity and the shape of object. 

•• Select a proper d(j. k) ( weighting coefficients of the defined measure) based 

on the shape of the objects. Also, select a learning rate (a) and adjust 

the estimate of probabilities iteratively using the following equations until a 

desired segmentation level is achieved at the output image 

t+l { a [EAieD d(j, k)(pL - 0.5)) if pj ~ 0 or 1 
Ap- = 

' 0 otherwise 
(4.6) 

and keep O < p} < 1. 

Also, one should note that the change in the probability of node j, caused by a 

neighboring pixel le is limited to !fd(j, k), prohibiting the system from excessive 

smoothing. 

4.2.1 Formant segmentation 

Here, formant regions are referred to regions that have high energy and are close 

to the resonant frequencies of speech signal. Correct identification of such regions 

can play an essential role in any speech recognition system. To segment the image 

into these two regions, the following approximation was made 

(4.7) 

where i refers to horizontal position of a pixel in the image and j refers to its vertical 

position. After this initial estimation, the probability of each pixel is estimated 

using 

A t+1 -{ a [I:f:-1 Ef=-Jd(j)(pf1 - 0.5)} 
:Pi; -

0 

if l'f;~O or 1 

otherwise 
(4.8) 
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Figure 4.1: The filter that is used for format features (frequency range of each spectro­

gram contains 200 pixels for spectrograms up to 6KHz) 

where d(j) is given u in Fig. 4.1, I and J define the size of neighboring pixels. In 

these experiments, spectrogram images have 200 pixels in the frequency direction 

and 1 pixel every lms of time domain. For these images, I= 11 and J = 9. a was 

selected 0 .2 and the segmentation was carried out for 10 iterations. The resulting 

segmented images of the words /nine/, /one/, /zero/, and their corresponding 

segmented images for different iterations are shown in Fig. 4.2- 4.10. Please compare 

the difference of the words /one/ and /nme/ in the time domain between 0.3sec 

and 0.4sec of both words for the segmented images and the original. spectrogram 

images. It is indeed these regions that can play a significant role in classification of 

the two words. 
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Figure 4.2: Progress of segmentation of word nine in ditTerent iterations, from top to 

button: origin-gal spectrum, iteration number 1,2 
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button, iteration number: 3, 4, 5 
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Figure 4.8: Progress of segmentation of word zero in di:fl"erent iterations, from top to 

button: original spectrogram, iteration number 1, and 2 
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Figure 4.9: Progress of segmentation of word zero in diff'erent iterations, from top to 

button: iteration number 3t 4, and 5 
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Figure 4.10: Progress of segmentation of word zero in different iterations, from top to 

button: iteration number 6, 7, and 8 
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Figure 4.11: The filter that is used for voicing features ( each frame represent lOms) 

4.2.2 Voicing features 

By voicing regions, we refer to regions of spectrogram that show a pencil line pattern 

having higher energy in a large portion of frequencies for a short period of time. To 

extract voicing information, we estimate the approximate probabilities as follows: 

I J 

Pii = E E h(i)o;;, (4.9) 
i=-Ii=-J 

where h( i) is defined as in Fig. 4.11. The adjustment of the probabilities are done 

using: 

if Pt ;ifO or 1 

otherwise 
(4.10) 

In our experiment I = 1 and J = 11. Fig. 4.12 shows the resulting images for part 

of the spectrogram image of word /zero/. Fig. 4.13 shows the resulting segmented 

image for part of the word /ti/. 
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Figure 4.12: Segmented voicing regions found using part of the spectrogram. of the word 

/zero/: (a) original spectrogram of part of the word /zero/ (b) segmented regions 
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Figure 4.13: Segmented voicing regions found using part of the spectrogram of' the word 

/ti/: ( a) part of the original spectrogram (b) the corresponding segmented regions 
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Figure 4.14: Center of gravity of the objects of the segmented image of Fig. 4.10 

4.2.3 Rising and fsa)Jing formats 

One of the features that is very important for speech recognition is to know if the 

formant frequencies are increasing or decreasing. To find that, first the center of 

gravity for a window of size IxJ was calculated as follows: 

and 

I J 

M; = E L j • Pi-mJ-n, 
i=-li=-J 

I J 

Mi= E E i•Pi-mJ-• 
i=-li=-J 

(4.11) 

(4.12) 

In these experiments, I = 4 and J = 8. Then, the points that their center of 

gravity are closer to their position were selected. Fig. 4.14 shows the resulting 

image from the segmented image of Fig. 4.10. To find if the formants are tlprising 

or down-falling, the best regression line that can be passed through each point in 

a window of size 21x21 was calculated. We separate the points with positive and 

negative slopes of the regression line in.to dlirerent images. Fig. 4.15 and 4.16 show 

the resulting images for the segment image of Fig. 4.10. 
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Figure 4.15: Uprising features found from the segmented image in Fig. 4.14 
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Figure 4.17: Local energy found from the spectrogram in Fig. 4.8 

4.2.4 Energy features 

1.2 

Another set of features are the smooth version of spectrogram. The spectrogram 

image is averaged over a window of 15x5. Fig. 4.17 shows the resulting image of the 

spectrogram image of Fig. 4.8. A smooth version of voicing images over a window 

of 20x8 was also calculated. The resulting image for the spectrogram shown in 4.17 

is shown in Fig. 4.18. 

4.2.5 Overall energy 

Overall energy of signal over a window of 25 frames were also calculated as a single 

feature. 
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Figure 4.18: (a)Voicing image of the spectrogram in Fig .. 4.8(b) its corresponding local 

energy image 
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Figure 4.19: The filter that is used for extracting features from segmented images 

4.2.6 Filter-banking 

After the feature images are calculated, 14 features per frame were extracted using 

overlapping filters shown in Fig. 4.19. 

4.3 Summary 

A self-organizing algorithm for segmentation of spectrogram images was proposed. 

The algorithm first calculates the estimates of the a posteriori probabilities of each 

pixel for object and background classes, and then iteratively adjusts these probabil­

ities to reduce a defined segmentation measure. Pixels that are less likely to belong 

to object or background classes are adjusted less in each iteration, delaying their 

segmentation until more image information is available. Experiments showed that 

the algorithm can be applied to successfully segment formant and voicing regions in 

the spectrogram image. Other sets of features were also calculated which include: 

uprising and down-falling formant features, local energy of spectrogram and local 

energy of segmented voicing images. From each image, and for each frame 14 fea­

tures were calculated using overlapping filters. These features are the primary set 

of features as the input to our recognition system. 



Chapter 5 

Experimental results 

5.1 Data base 

For the experimental tests~ a corpus of isolated spoken words was selected. This cor­

pus was designed and collected at Texas Instruments (TI) in 1980 called TI46 [14], [44]. 

The material contained on this data base was recorded in a low noise environment. 

The TI46 corpus contains 16 speakers: 8 males and 8 females. There are 46 

words per speak.er. They are: numbers: ZERO to NINE, English letters: A to Z 

and the words: ENTER, ERASE, GO, HELP, NO, RUBOUT, REPEAT, STOP, 

START, YES. In all the experiments reported here, 4 samples were used per each 

speaker in the training set resulting in a total of 64 samples for each word, and 12 

samples per speaker were selected for each word of test set resulting in 192 samples 

per word. 

67 



CHAPTER 5. EXPERIMENTAL RESULTS 68 

5.2 Segmentation experiments 

For any input sample. all the set of images discussed in the previous chapter are 

computed. From each set of images. 14 features are extracted using the filter banks 

shown in Fig. 4.19. There are 6 images resulting in 84 features and 1 total energy 

feature, which results in 85 feature in total for each input. 

B&;ed on a priori knowledge of important regions of speech words using spectrer 

gram reading experiences! a state model for each word was designed. The training 

set of corpus was then hand segmented. Appendix A shows an example of each 

word and its corresponding state model and segmented regions. 

For each word, three models are used for training and testing. These models 

are called: statistical model, segmentation model. and discriminant classification 

model. For the statistical model, the parameters are trained using the statistical 

characteristics of segmented regions of each word. The segmentation model is used 

for the segmentation of each word and the discriminant classmcation model is used 

for discriminant training of model parameters. 

After the statistical model parameters are estimated~ the segmentation model 

parameters are initialized with the parameters of the statistical models. There 

are two phases for the discriminant segmentation training algorithm. In the first 

phase, the model parameters were trained for 10 iterations. In these experiments, 

{1 = 0.01, {2 = 0.5, and the learning rate a= 0.1. After this training phase, only 

10 directions were selected using our proposed feature selection algorithm. Fig. 5.1 

shows a typical progress of overall cost function for the word / zero/ during this 

training phase. Fig. 5.2 shows the accumulative projection of 7( {1 c4.atqt).Nt for a 

typical state of the model versus the number of directions that can be used. Note 

that the direction numbers are sorted based on their importance. In the second 
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Figure 5.1: The progress of overall misclassification measure during the first phase of 

segmentation training for word /zero/ 
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Figure 5.2: The accumulative projection of 7(c1<4ett'lt).N, for a typical state of the model 

after the first phase of segmentation training for word /zero/ 
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Figure 5.3: The progress of overall misclassification measure during the second phase of 

segmentation training for word /zero/ 

phase of segmentation training, the training of model parameters was continued, 

but this time only 10 directions per state was used. The training continued for 10 

more iterations. Fig. 5.3 shows the progress of overall cost during training for word 

/zero/. After the second training phase, an orthogonal transforms for each state 

i:. calculated and the dimensionality of input is mapped to only 5 directions. The 

resulting models were used for segmentation of input samples. Fig. 5.4 compares 

the segmentation of the word /eight/ done before training with hand and the seg­

mentation results of segmentation model of /eight/. In practice-: the segmentation 

result by models usually outperform that of hand segmentation-: as the models have 

a better estimate of overall statistical. characteristics of each state. 

After the segmentation models are trained, all the words in training set are 

segmented by the segmentation models of all classes using Viterbi beam algorithm.. 
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Figure 5.4: (a)Hand segmented regions of word /eight/ before training(b) the segmented 

regions resulted Crom the segmentation model 
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Figure 5.5: The progress of overall cost function during the first phase of discriminant 

training for word /B/ 

The maximum beam size of 50 was selected in this algorithm. The resulting se­

quences was then recored in the data base for later references. 

5.3 Training of discriminant classification models 

The training phase of discriminant classmcation models starts by initializing the 

models by the statistical models. Again, a similar procedure as in segmentation 

training phase was carried out. First, the model parameters were trained for 50 

iterations using the discriminant training algorithm, and then the feature selection 

algorithm was applied. At this stage only 20 features out of 85 features were 

selected for each state. Again the training was continued for 20 iterations and then 

the feature extraction algorithm was applied to transform the 20 features to extract 
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Figure 5.6: The progress of overall cost function during the second phase of discriminant 

training for word /B/ 
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b d g p t recognition rate 

b 60 2 0 2 0 class0=93. 75% 

d 9 52 0 3 0 dassl=Sl.25% 

g 0 0 59 3 2 class2=92.19% 

p 0 0 1 62 1 class3=96.88% 

t 0 0 4 5 55 class4=85.94 % 

average recognition rate 90.00% 

Table 5.1: Recognition result on training set using the statistical model in the 

higher dimensional space 

10 features per state. Fig. 5.5 and Fig. 5.6 show the progress of overall cost during 

each phase of training. For comparison, the input features were mapped using KL­

expansion algorithm to 20 dimensions and the statistical model and discriminative 

classification model were trained. The following reports on the results. 

Here, the result of classification on the confusing set /bi/, /di/, / gi/, /pi/ .. and 

/ti/ are reported. Table 5.1 and 5.2 show the recognition results for the statistical 

model (in the higher dimensional space) on training and test sets! respectively. Ta­

ble 5.3 and 5.4 shows the results for the discriminant training algorithm and after 

reduction of dimensionality on the training and test sets, respectively. Table 5.5 

and 5.6 show the results of statistical. model in the reduced feature set on training 

and test sets, respectively. Table 5. 7 and 5.8 show the results of discriminative clas­

sification model in the reduced feature set on training and test sets, respectively. As 

can be verified by the results, discriminant training and feature extraction methods 

can improve the recognition rate of these confusing classes while having a reduced 

set of parameters for the classifiers and much lower computational cost. 
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h d g p t recognition rate 

b 97 27 0 4 0 class0=75. 78% 

d 16 90 7 15 0 classl=70.31 % 

g 0 a 113 5 10 class2=88.28% 

p 1 1 8 106 12 class3=82.81 % 

t 0 1 28 14 85 class4=66.41 % 

average recognition rate 76.72% 

Table 5.2: Recognition result on test set using the statistical model in the higher 

dimensional space 

b d g p t recognition rate 

b 60 4 0 0 0 class0=93. 75% 

d 5 58 0 1 0 classl=90.62% 

g 0 0 62 0 2 class2=96.88% 

p 7 2 0 52 3 class3=81.25% 

t 0 0 0 1 63 class4=98.44% 

average recognition rate 92.19% 

Table 5.3: Recognition result on train set after discriminant training and reduction 

of dimensionality ( the proposed approach) 
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b d g p t recognition rate 

b 105 22 0 1 0 class0=82.03% 

d 9 114 2 2 1 class1=89.06% 

g 0 0 125 1 2 class2=97 .66% 

p 10 5 1 93 19 class3=72.66% 

t 0 1 10 2 115 class4=89 .84 % 

average recognition rate 86.25% 

Table 5.4: Recognition result on test set after discriminant training and reduction 

of dimensionality ( the proposed approach) 

b d g p t recognition rate 

b 52 10 0 2 0 class0=81.25% 

d 12 50 2 0 0 class1=78.12% 

g 0 2 57 1 4 class2=89.06% 

p 2 0 1 58 3 class3=90.62% 

t 0 0 1 5 58 class4=90.62% 

average recognition rate 85.94% 

Table 5.5: Recognition result on training set for the reduced dimensionality found 

by KL-expansion algorithm and by training the statistical model 
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b d g p t recognition rate 

b 92 33 0 3 0 class0=71.88% 

d 18 105 4 0 1 classl=82.03% 

g 1 4 112 3 8 dass2=87.50% 

p 12 0 3 100 13 class3=78.12% 

t 2 1 23 6 96 class4=75.00% 

average recognition rate 78.91% 

Table 5.6: Recognition result on test set for the reduced dimensionality found by 

KL-expansion algorithm and by training the statistical model 

b d g p t recognition rate 

b 59 4 0 1 0 class0=92.19% 

d 7 56 l 0 0 class1=87.50% 

g 0 1 61 1 1 class2=95.31 % 

p 0 0 1 62 1 class3=96.88% 

t 0 0 1 0 63 class4=98.44 % 

average recognition rate 94.06% 

Table 5.7: Recognition result on training set for the reduced dimensionality found 

by KL-expansion algorithm and by training the discriminative model 
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b d g p t recognition rate 

b 102 24 0 2 0 class0=79.69% 

d 10 112 1 3 2 class1=87.50% 

g 1 6 116 1 4 class2=90.62% 

p 8 4 1 97 18 class3=75. 78% 

t 0 2 9 3 114 class4=89.06% 

average recognition rate 84.53% 

Table 5.8: Recognition result on test set for the reduced dimensionality found by 

KL-expansion algorithm and by training the discriminative model 

The next set of experiments were carried out on digits /zero/ to /nine/. Table 5.9 

and 5.10 show the recognition results for the statistical model (in the higher dimen­

sional space) on training and test sets, respectively. Table 5.11 and 5.12 shows the 

results for the discriminant training algorithm and after reduction of dimensionality 

on the training and test sets, respectively. Table 5.13 and 5.14 show the results of 

statistical model in the reduced feature set on training and test sets, respectively. 

Table 5.15 and 5 .16 show the results of discriminative classi:.6.cation model in the 

reduced feature set on training and test sets, respectively. This set of experiments 

also validate the improved performance of the proposed algorithm. 
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zero one two three four five six seven eight nine recognition rate 

zero 59 0 0 0 0 5 0 0 0 0 class0=92.19% 

one 1 58 0 0 0 3 0 0 0 2 class1=90.62% 

two 4 0 50 0 3 4 0 3 0 0 class2= 78.12% 

three 0 0 0 63 0 0 0 0 1 0 class3=98.44% 

four 0 0 0 0 64 0 0 0 0 0 dass4= 100.00% 

five 0 0 0 0 0 64 0 0 0 0 class5=100.00% 

six 0 0 0 0 0 4 60 0 0 0 class6=93. 75% 

seven 1 0 0 0 0 10 0 53 0 0 class7=82.81% 

eight 0 0 0 0 0 6 3 0 55 0 class8=85.94 % 

nine 0 1 0 0 0 12 0 0 0 51 class9=79.69% 

average recognition rate 90.16% 

Table 5.9: Recognition result on training set using the statistical model in the 

higher dimensional space 
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zero one two three four five six seven eight nine recognition rate 

zero 171 0 0 1 8 12 0 0 0 0 class0=89.06% 

one 0 170 0 0 0 20 0 0 0 2 class1=88.54% 

two 4 0 158 3 2 18 0 7 0 0 class2=82.29% 

three 0 0 0 185 0 7 0 0 0 0 class3=96.35% 

four 0 0 0 0 191 1 0 0 0 0 class4=99 .48% 

five 0 0 0 0 0 190 0 0 0 2 class5=98.96% 

six 0 0 0 0 0 10 182 0 0 0 cla.,s6=94. 79% 

seven 2 0 0 1 1 19 0 169 0 0 class7 =88.02% 

eight 0 0 0 0 0 25 8 0 159 0 class8=82.81 % 

nine 0 4 0 3 0 61 0 0 0 124 c!Ms9=64.58% 

average recognition rate 88.49% 

Table 5.10: Recognition result on test set using the statistical model in the higher 

dimensional space 
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zero one two three four five SlX seven eight nine recognition rate 

zero 64 0 0 0 0 0 0 0 0 0 classO=l00.00% 

one 0 64 0 0 0 0 0 0 0 0 class 1= 100.00% 

two 0 0 64 0 0 0 0 0 0 0 class2= 100.00% 

three 0 0 0 64 0 0 0 0 0 0 class3=100.00% 

four 0 0 0 0 64 0 0 0 0 0 class4= 100.00% 

five 0 3 0 0 0 61 0 0 0 0 class5=95.31 % 

six 0 0 0 0 0 0 64 0 0 0 class6=100.00% 

seven 0 0 0 0 0 0 0 64 0 0 class7 =100.00% 

eight 0 0 0 0 0 0 0 0 64 0 dass8=100.00% 

nine 0 0 0 0 0 1 0 0 0 63 class9=98 .44 % 

average recognition rate 99.38% 

Table 5.11: Recognition result on train set after discriminant training and reduction 

of dimensionality ( the proposed approach) 



CHAPTER 5. EXPERIMENTAL RESULTS 82 

zero one two three four five six seven eight nine recognition rate 

zero 190 0 0 0 1 0 0 l 0 0 class0=98.96% 

one 0 191 0 0 0 1 0 0 0 0 classl=99.48% 

two l 0 191 0 0 0 0 0 0 0 class2=99 .48% 

three 1 0 0 187 0 0 0 0 4 0 class3=97 .40% 

four 0 1 0 0 191 0 0 0 0 0 class4=99.48% 

five 0 0 0 0 0 187 0 0 0 5 class5=97. 40% 

six 0 0 0 0 0 0 190 0 2 0 class6=98.96% 

seven 2 0 0 0 0 2 0 188 0 0 class7=97.92% 

eight 0 0 0 1 0 0 3 0 188 0 class8=97.92% 

rune 0 6 0 2 0 3 0 1 0 180 class9=93. 75% 

average recognition rate 98.07% 

Table 5.12: Recognition result on test set after discriminant training and reduction 

of dimensionality ( the proposed approach) 
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zero one two three four five six seven eight nine recognition rate 

zero 63 0 0 0 0 0 0 1 0 0 class0=98.44 % 

one 0 62 0 0 0 0 0 0 0 2 class1=96.88% 

two 0 0 64 0 0 0 0 0 0 0 class2=100.00% 

three 0 0 0 61 0 0 0 0 3 0 class3=95.31 % 

four 1 1 0 0 59 3 0 0 0 0 class4=92.19% 

five 1 3 0 0 0 59 0 0 0 1 class5=92.19% 

six 0 0 0 0 0 0 63 0 1 0 class6=98.44% 

seven 2 0 0 0 0 0 0 62 0 0 class7 =96.88% 

eight 0 0 0 0 0 0 0 0 64 0 classS=l00.00% 

nine 1 13 0 0 0 1 0 0 0 49 class9= 76.56% 

average recognition rate 94.69% 

Table 5.13: Recognition result on training set for the reduced dimensionality found 

by KL-expansion algorithm and by training the statistical model 
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zero one two three four five six seven eight nine recognition rate 

zero 185 0 2 0 3 1 0 1 0 0 class0=96.35% 

one 0 184 0 0 0 1 0 0 0 7 classl=95.83% 

two 0 0 192 0 0 0 0 0 0 0 class2=100.00% 

three 0 l 3 184 0 2 0 0 2 0 class3=95.83% 

four 4 5 1 0 181 1 0 0 0 0 class4=94.27% 

five 1 1 0 0 2 176 0 1 0 11 class5=91.67% 

six 1 0 0 0 0 2 186 0 3 0 class6=96.88% 

seven 7 0 0 0 0 2 0 183 0 0 class7 =95.31 % 
eight 0 0 0 0 0 5 3 0 184 0 class8=95 .. 83% 

nine 0 38 0 1 0 2 0 1 0 150 class9=78.12% 

average recognition rate 94.01% 

Table 5.14: Recognition result on test set for the reduced dimensionality found by 

KL-expansion algorithm and by training the statistical model 
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zero one two three four five SIX seven eight nine recognition rate 

zero 63 0 0 0 0 0 0 1 0 0 class0=98.44 % 

one 0 63 0 0 0 0 0 0 0 1 class1=98.44% 

two 0 0 62 0 0 0 1 0 1 0 class2=96.88% 

three 0 0 0 59 0 0 0 0 5 0 class3=92.19% 

four 0 0 0 0 61 3 0 0 0 0 class4=95.31 % 

five 1 1 0 0 0 62 0 0 0 0 class5=96.88% 

SIX 0 0 0 0 0 0 63 0 1 0 class6=98.44 % 

seven 2 0 0 0 0 0 0 62 0 0 class7 =96.88% 

eight 0 0 0 0 0 0 1 0 63 0 class8=98.44% 

nine 0 4 0 0 0 0 0 0 0 60 class9=93. 75% 

average recognition rate 96.56% 

Table 5.15: Recognition result on training set for the reduced dimensionality found 

by KL-expansion algorithm and by training the discriminative model 
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zero one two three four five six seven eight nine recognition rate 

zero 179 0 7 0 2 0 0 3 0 1 class0=93.23% 

one 0 183 0 0 0 1 0 0 0 8 class1=95.31 % 

two 0 0 191 0 0 0 0 1 0 0 class2=99 .48% 

three 0 0 4 179 0 1 0 0 8 0 class3=93.23% 

four 0 1 0 0 190 1 0 0 0 0 class4=98.96% 

five 0 1 0 0 1 183 0 2 0 5 class5=95.31% 

six 0 0 0 2 0 4 182 0 4 0 class6=94. 79% 

seven 1 0 0 0 0 1 0 190 0 0 class7 =98.96% 

eight 0 0 0 2 0 1 3 0 186 0 class8=96.88% 

nine 0 18 0 2 0 4 0 0 0 168 class9=87.50% 

average recognition rate 95.36% 

Table 5.16: Recognition result on test set for the reduced dimensionality found by 

KL-expansion algorithm and by training the discriminative model 



Chapter 6 

Summary and conclusion 

The motivations behind this thesis were inspired based on the following three facts. 

First~ speech signal is produced by our articulatory apparatus which has inherent 

physical constraints in the production mechanism~ and as a result statistical con­

straints are imposed in the pattern of speech. Second, speech units such as words 

or sentences are produced by human in a way that they can be recognizable by 

human recognition system. Third, although speech units may have a high degree 

of variability in their patterns, their di£Ferences are more easily measurable when 

compared with each other pairwise. 

Most of the features extracted in this thesis use speech spectrogram. Based 

on speech spectrogram reading experiences, speech units that sound differently, 

have measurable differences in their spectrogram patterns. In this thesis, I tried to 

measure such differences with emphasis on those features that are more important 

in the c!Msification of more confusing classes using image processing techniques. 

Extracting discriminative features from spectrogram for different speech units 

results in a large dimensionality of input vector for each frame of speech. This 
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is due to the fact that features that may be good for a classification task, may 

not be good for other classification tasks. As a result of high dimensionality of 

input space, design of classifiers becomes difficult mainly due to three factors: lack 

of enough training data, improper choice of models, and lack of an appropriate 

training algorithm. It may also be computationally impractical for real time speech 

recognition to build classifiers in higher dimensional space ( if the classifiers can not 

be implemented using parallel processors). Design of feature selection and feature 

extraction based on minimizing the probability of error is also a difficult problem 

for the same aforementioned reason for the design of classifiers. 

Instead of minimizing the probability of error, the proposed feature selection 

and extraction algorithms use a classifier trained in the higher dimensional space 

as a measure of class separability. This was achieved by introduction of a new 

form of classifiers for speech recognition along with a new discriminative training 

algorithm. In the training algorithm, first a new form of misclassification measure 

was defined .. and then this measure was mjnjmizP.d over the training set. The mis­

classification measure was shown to be a smooth version of probability of error. It 

was shown that the change in the misclassification measure ( or indirectly the prob­

ability of correct classification) for the proposed feature selection and extraction 

algorithms was bounded. It was also shown that such a bound could be minimized. 

This was achieved by properly presenting vectors perpendicular to decision hyper­

planes weighted by their share of misclassification measure in the lower dimensional 

space. This in turn resulted in the proposed state dependent feature selection and 

extraction algorithm. 

It was also shown through speaker independent experiments that classification 

of confusing classes can be much better achieved by the proposed algorithm. Also, 

it was shown that classification can be achieved in a low dimensional space with 
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better classification rate. 

This thesis also suggests that the problem of speech recognition should be partly 

addressed in the feature selection and extraction stages. The algorithms proposed 

here can be practically implemented using parallel processors and the computations 

left for classifiers are highly reduced. This suggests that increasing the parallel 

processing ability of computers is more important and economically cheaper than 

increasing their speed for the purpose of speech recognition. 

6.0.1 Contributions 

The contribution of this thesis are as follows: 

• Introduction of a new discriminative training algorithm for the design of 

speech classifiers with emphasis on a specincally designed state model. 

• Introduction of a new discriminative segmentation algorithm for segmentation 

of speech utterances to states of the proposed model. 

• Introduction of a new feature selection and extraction algorithm based on 

minimiz;ug the misclassification measure of classifiers built in higher dimen­

sional space. 

• Introduction of a new seJf-organizing image segmentation algorithm for fea­

ture extraction from speech spectrogram. 



Appendix A 

State models 

In this appendix state models used in the experiments are shown. We also provide a 

sample of spectrogram of each word and its corresponding hand segmented regions. 
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Time (sec) 

(a) 

(b) 

Figure A.1: (a) A sample of segmented word /zero/ (b) state model of word /zero/ 
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0,11 silence 

1 voice bar only 

2 voice bar + friction of / z/ 

3 voice bar + friction of / z / + F2 + F3 

4 vowel /i/ as in /zero/ 

5 transition /i/ to /r/, F2 going down 

6 /r/ F3 low 

7 F3 going up, transition /r/ to /o/ 

8 F3 much higher than F2 in / o/ 

9 Fl and F2 in /o/ present 

10 whisper mode of / o/ 

12 friction of / z/ without voice bar 

13 friction of / z/ without voice bar + F2 + F3 

Table A.l: Important features associated to states of model /zero/ 
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Time (sec) 

(a) 

(b) 

Figure A.2: (a) A sample of segmented word /one/ (b) state model of word /one/ 
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0,8 silence 

1 Fl +F2 low in /w/ 

2 Fl +F2 low+ F3 in /w/ 

3 Fl low + F2 high + F3 ( transition / w / to / n/) 

4 /n/ 
5 /n/ with voice bar only 

6 /n/ + aspiration 

7 /n/ in whisper mode 

9 voice bar 

Table A.2: Important features associated. to states of model / one/ 
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0.1 0.2 0.3 0.4 0.5 0.8 0.7 0.8 0.9 1 
Time(sec) 

(a) 

(b) 

Figure A.3: (a) A sample of segmented word /two/ {b) state model of word /two/ 

0, 6 silence 

1 pencil line 

2 aspiration of /t / with high energy 

3 aspiration of / t / with low energy 

4 transition of / t/ to / o / (F2 high) 

5 /o/, Fl +F2, F3 not present 

Table A.3: Important features associated to states of model /two/ 
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0.1 0.2 0.3 0.4 0.5 0.6 0.1 0.8 0.9 1 1.1 
Tlme(sec) 

(a) 

(b) 

Figure A.4: (a) A sample oCsegmented word /three/ {b) state model of word /three/ 
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0, 7 silence 

1 /th/ aspiration +F2 + F3 

2 F2 and F3 going down, transition of /th/ to /r/ 

3 /r/ F3 low 

4 transition of /r / to /i/, F2 and F3 going up 

5 /i/ sound 

6 voice bar 

8 / th/ aspiration, F2 and F3 not present 

Table A.4: Important features associated to states of model /three/ 
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6---------------------.......... -----.-.--------.--

5 

0.2 0.4 0.6 0.8 1.2 
Time (sec) 

(a) 

(b) 

Figure A.5: (a) A sample of segmented word /four/ (b) state model of word /four/ 

0, 7 silence 

1 friction of /f / 

2 /o/, F2 low, F3 high 

3 transition of /o/ to /r/, F3 going down 

4 /r/, F3 low 

5 voice bar 

6 whisper mode of voice bar 

Table A.5: Important features associated to states of model /four/ 
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6----.----........... -----------------.....--------

5 

0.2 0.4 0.6 0.8 
Time (sec) 

(a) 

(b) 

~ i \~ 

t'~,.:, 

1 1.2 

Figure A.6: (a) A sample of segmented word /five/ (b) state model of word /five/ 

0, 8 silence 

1 friction of /f / 

2 /aa/ 

3 transition of / aa/ to / ey /, F3 going up 

4 transition of / ey to /v /, F3 going down 

5 voice bar in /v/ 
6 silence 

7 friction of /v / 

Table A.6: Important features associated to states of model /five/ 

1.4 
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0.2 0.4 0.6 
Time (sec) 

(a) 

(b) 

100 

0.8 1 1.2 

Figure A.7: (a) A sample of segmented word /six/ (b) state model of word /six/ 

0, 4, 8 silence 

1 friction of / s / high frequencies only 

2 friction of /s/ high and low frequencies F2, F3 present 

3 /i/ in six, F2 and F3 join 

5 /k/ sound high energy at'ound 2kHz 

6 friction of / s / high frequencies 

7 friction of / s/ low frequencies 

Table A. 7: Important features associated to states of model /six/ 
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I 

L 
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

Time (sec) 

(a) 

(b) 

Figure A.8: (a) A sample of segmented word /seven/ (b) state model of word /seven/ 
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0, 10 silence 

1 friction of / s / high frequencies 

2 friction of /s/ high and low frequencies 

3 /e/ 

4 /v/ with pattern as in low energy /e/ 

5 transition of /e/ to /v/ 

6 /n/ 

7 /n/ voice bar only 

8 /n/ voice bar and aspiration 

9 whisper mode of voice bar 

11 / v / with pattern of voice bar 

12 /v/ with pattern of friction as in /f/ 

Table A.8: Important features associated to states of model /seven/ 
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 
Tlme(sec) 

(a) 

(b) 

Figure A.9: (a) A sample of segmented word /eight/ (b) state model of word /eight/ 
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0, 5, 9 silence 

1 /e/ with low energy 

2 / ey / F2 going up 

3 / ey / F2 going down 

4 voice bar 

6 pencil line 

7 aspiration of / t / with high and low energy 

8 aspiration of / t / with low energy only 

Table A.9: Important features associated to states of model /eight/ 
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6-----------------------------,,--

5 

1 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 
Tlme(sec) 

(a) 

(b) 

Figure A.10: (a) A sample of segmented word /nine/ (b) state model of word /nine/ 
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0, 9 silence 

1 /n/ 
2 transition of /n/ and /aa/, Fl and F2 are distanced 

3 /aa/ 
4 / ey / F2 going up 

5 /n/ 
6 voice bar 

1 /n/ with aspiration 

8 /n/ aspiration only 

Table A .. 10: Important features associated to states of model /nine/ 
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6--~---------P----.-......... ----.-...-----.--~------------.--

5 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 
Time {sac) 

(a) 

(b) 

Figure A.11: (a) A sample of segmented word /bi/ (b) state model of word /bi/ 
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0, 8 silence 

1 voice bar 

2 pencil line 

3 aspiration of /b / 

4 transition of /b / to /i/, F2 and F3 moving up 

5 /i/ 
6 /i/ with weak F2 

7 /i/ in whisper mode 

Table A.11: Important features associated to states of model /bi/ 
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Time (sec) 

(a) 

(b) 

Figure A.12: (a) A sample of segmented word /di/ (b) state model of word /di/ 
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0,8 silence 

1 voice bar 

2 pencil line 

3 aspiration of /d/ 

4 transition of / d/ to /i/, F2 and F3 moving up 

5 /i/ 
6 /i/ with weak F2 

1 /i/ in whisper mode 

Table A.12: Important features associated to states of model /di/ 
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5 
l lj , 

' i 

·;' 

0.1 0.2 0.3 0.4 o.s 0.6 0.7 0.8 0.9 
Time (sec) 

(a) 

(b) 

Figure A.13: (a) A sample of segmented word /pi/ (b) state model of word /pi/ 

0, 5 silence 

1 aspiration of high energy in low frequencies 

2 /i/ 
3 /i/ with weak F2 

4 aspiration of /i/ 

Table A.13: Important features associated to states of model /pi/ 
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 
Time (sec) 

(a) 

(b) 

Figure A.14: (a) A sample of segmented word /ti/ (b) state model of word /ti/ 

0, 6 silence 

1 pencil line 

2 aspiration of /t / 
3 /if 
4 /i/ with weak F2 

5 voice bar 

Table A.14: Important features associated to states of model /ti/ 
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