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Abstract

This thesis addresses the acoustic mismatch due to pitch differences between the adults’

and the children’s speech for children’s automatic speech recognition (ASR) on adults’

speech trained models. The motivation for the work is obtained through the study done

on exploring various acoustic sources of mismatch: pitch, speaking rate, formant frequen-

cies and glottal flow parameters (open quotient, return quotient and speed quotient) for

children’s ASR on adults’ speech trained models. The effect of variations in each of these

acoustic correlates across speech signals is studied on Mel frequency cepstral coefficient

(MFCC) features and ASR models. Following that, their relative significance is explored

for children’s speech recognition on the adults’ speech trained models in a consistent setup.

It is found that apart from the formant frequencies, the pitch is the other major source

of acoustic mismatch between the adults’ and the children’s speech. The increase in the

pitch of the signals is found to significantly increase the dynamic range and in turn the

variances of the higher order coefficients of MFCC (C0−C12) features. Motivated by that,

the pitch-robustness of perceptual linear prediction cepstral coefficient (PLPCC) and per-

ceptual minimum variance distortionless response (PMVDR) cepstral coefficient features

is studied to explore their efficacy for children’s ASR on adults’ speech trained models

in comparison to MFCC features. It is found that MFCC features outperform PLPCC

features while with suitable optimization of model order PMVDR features are more pitch-

robust than MFCC features. However, the children’s ASR performance obtained with

MFCC features after explicit pitch normalization of children’s speech is found to be com-

parable to that obtained with PMVDR features after optimization of its model order for

children’s speech. Following the observations, a pitch normalization algorithm is proposed

which modifies the Mel filterbank during MFCC test feature extraction based on the av-

erage pitch of the test signal for children’s ASR on adults’ speech trained models. Also,

a Mel cepstral truncation based method is proposed for reducing the pitch mismatch be-
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tween the training and the test data. The proposed algorithm automatically selects the

appropriate length of the base MFCC features for each test signal without prior knowledge

about the speaker of the test utterance. Significant improvements are obtained in the

children’s speech recognition performances using the proposed algorithms on the adults’

speech trained models. Using the proposed adaptive MFCC feature truncation algorithm

significant improvements are found in the children’s and adults’ ASR performances on

children’s speech trained models as well. The improvements obtained in the ASR perfor-

mances with the proposed algorithms are also found to be additive to those obtained with

the existing speaker normalization and model adaptation techniques viz., VTLN, MLLR

and CMLLR.

Keywords: Children’s speech recognition, acoustic mismatch, pitch, speaking rate, glottal

flow parameters, MFCC, PLPCC, PMVDR, Mel filterbank, cepstral truncation.
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1. Introduction

1.1 Overview of Automatic Speech Recognition

Automatic speech recognition (ASR) refers to the process of transcribing a spoken utterance into

its corresponding text through the use of a machine (digital computer). A highly reliable ASR is the

need of many rapidly growing application areas such as speech interfaces (increasingly on mobile de-

vices) and indexing of audio/video databases for search. In recent years, significant progress has been

achieved in the field of ASR. Nowadays, a number of ASR applications are available commercially

but majority of them are developed for adults’ speech and work effectively under matched condi-

tions. There is still a considerable gap between human and machine speech recognition performance,

particularly in adverse/mismatched conditions [3, 4].

A speech signal is rich in information and it not only contains the linguistic information (the mes-

sage) but also the information about gender, age, social/regional association, health, and emotional

state of the speaker. Besides these inter- and intra-speaker variabilities, a speech signal is also affected

by other factors like environmental noises and the characteristics of speech acquisition/channel. The

significant variabilities in speech signal caused by these factors make the task of ASR more challeng-

ing. The performances of the ASR systems degrade under mismatched conditions i.e., when similar

variabilities are not present in either the training or the test speech data. This is the reason why

the ASR systems trained with adults’ speech perform reasonably well for adults’ speech but their

performances degrade severely when tested for children’s speech [5, 6].

In recent times, because of the potential applications of the ASR systems in education, entertain-

ment and also as an aid to help speech and language development in young children, the children’s

ASR has increasingly come under investigation [7–10]. Younger children who have yet to develop the

dexterity to use the conventional input interfaces such as keypad, mouse and pointers etc. would

certainly benefit from a computerized learning aid having a speech interface. It can help children

to improve their communication capability and to integrate easily into society. Integrated computer-

based multi-modal learning applications help children interact with a virtual tutor to learn to read

well [11, 12]. Furthermore, speech recognition technology has been applied to commercial products

for children, such as toys and games [6, 13–15]. Examples of major research projects which target

children’s speech include the STAR project [16], an interactive pronunciation tutor and the LISTEN

project [17–19], an interactive reading tutor. A variety of ASR technology enabled applications for

children with special needs have been addressed [20,21]. In [22], the experience acquired using Baldi,
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an animated conversational agent, in daily classroom activities with profoundly deaf children is pre-

sented. PEAKS is an automatic assessment system of the intelligibility of speech which can be accessed

via the internet [23]. This tool allows, for example, to assess speech from children with cleft lip and

palate. The use of ASR and spoken dialog technology in the context of other applications including

those targeting children with cognitive processing difficulties such as in Dyslexia [24, 25] and Autism

Spectrum Disorders [26] is also emerging and offers new challenges for interactive speech technology

design and development.

However, the success of the ASR technology lies in developing a robust speech recognition system

that can work well irrespective of the usual differences in training and testing conditions. This would

avoid the need for building different ASR systems to address different sources of variabilities in speech.

Motivated by this, some efforts have been made in this thesis to develop algorithms for improving the

children’s speech recognition performance on the adults’ speech trained ASR systems.

1.2 Challenges in Children’s Speech Recognition

All ASR systems comprise of three components: an acoustic model that captures the acoustical

properties of the speech sound units (phonemes), a pronunciation dictionary that maps the words into

its constituent phonemes and a language model that captures the grammar or syntax of the language of

the speech signal. Thus, the properties of a speech signal can be majorally categorized into two types:

the acoustic properties and the linguistic properties. Both the acoustic and the linguistic properties of

a speech signal are governed by the physiology of the speaker. The control of articulators affects the

linguistics in speech while the physical dimensions of vocal tracts and vocal folds have direct influence

on the acoustics of speech signal.

Children have large differences in both the acoustic and the linguistic correlates of speech from

the adults that make it particularly difficult for ASR systems to deal with children’s speech [6,27,28].

The various acoustic and linguistic differences include differences in the pitch, the formant frequencies,

the average phone duration, the speaking rate, the glottal flow parameters, pronunciation and gram-

mar [29–32]. The children are reported to have different values of mean and variance of the acoustic

correlates of speech than those of the adults [27, 33, 34]. For example, the area of the F1-F2 formant

ellipses is larger for children than for adults for most vowel phonemes [35]. Another issue in dealing

with children’s speech is the difficulty to model their constantly changing speech characteristics as all

3
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children undergo rapid development and with varying rates. As children grow, their speech produc-

tion organs also develop and so their anatomy and physiology keep changing quite significantly. As a

result, children’s speech has higher inter- and intra-speaker acoustic variabilities than those of adults’

speech [28,30].

1.2.1 Acoustic Correlates of Children’s Speech

Several researchers have examined what makes children’s speech different from the adults’ speech.

In a key study [35] by Eguchi and Hirsh, and later summarized by Kent in [36], the age-dependent

changes in the formant frequencies and the fundamental frequency measurements of children speakers

aged three to thirteen were reported. Children have non-linearly increasing formants located at high

values [27, 29, 30, 37, 38]. Also, they have high pitch frequency values causing large spacing between

the pitch harmonics [27, 29, 30, 37]. These high formant frequencies and pitch frequency values are

attributed to their inherent shorter vocal tract and vocal folds lengths, respectively. For instance,

5-year old children have been reported to have 50% higher value of formant frequencies than of adult

males [27]. In comparison to the presence of 3-4 formants for adults’ speech, only 2-3 formants are

present for children’s speech within 0.3-3.2 kHz frequency range [28]. The higher formants of children’s

speech fall outside the narrow transmission bandwidth (3.4-4.0 kHz) of telephone channels resulting

in the loss of spectral information in case of ASR of narrowband children’s speech. The phoneme

durations and the average sentence durations have also been observed to be longer than that for

adults which in turn reduces their speaking rate also [27,29,30,39]. The average vowel duration of 5-

year old children is reported by Lee et. al. in [29] to increase by 36% compared to those of 12-year old

children. On analyzing the consonant-vowel transitions in case of adults’ and children’s speech in [40],

it is noted that the children’s speech have shorter transition duration and larger spectral difference

between consonant and vowel in the consonant-vowel pair than those of the adults’ speech. Studies

have found systematic decrease in the values of the mean and variance of the acoustic correlates such

as formants, pitch and duration with age, with their values reaching adult ranges around 13 or 14

years [27, 30]. A specific result that is especially relevant for speech modeling is the scaling behavior

of formant frequencies with respect to age.

The formant frequencies, the pitch and the speaking rate are perceptually relevant sources of acous-

tic mismatch. On the other hand, the differences in the voice source parameters due to physiological

differences between the speakers affect the source spectrum [41]. The glottal flow of a speech signal
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is characterized mainly by the three parameters viz., open quotient (OQ), return quotient (RQ) and

speed quotient (SQ). The glottal flow parameters, controlling the shape of the glottal pulse, affect the

long-term overall shape (spectral tilt) of the speech power spectrum [41, 42]. For instance, the OQ

mainly affects the levels of the lower part of the source spectrum so that a large OQ typically means

a higher level of the lowest few harmonics. The RQ affects the steepness of the source spectrum and a

large RQ corresponds to greater attenuation of the higher frequencies. These glottal flow parameters

i.e., the OQ, RQ and SQ have also been observed to be different for speech corresponding to children

and adult speakers [33, 34]. Therefore, the differences in the glottal flow parameters are apparent as

differences in the breathiness in speech [43–45]. In [28], young children’s speech has been reported to

have 60% more breathiness than adults’ speech.

Contributing to all this is their increased intra-speaker spectral and temporal variabilities [6,30,40].

Spectral variation, between repetitions of the same vowel by similar speakers, was found to increase

by 30% for 5-year old children compared to 12-year old children [27]. The mean Euclidean distance

between the cepstral coefficients of the first and second half of vowels for 5-year old children is 20%

greater than that for those of 12-year old children. Increase in the intra-speaker spectral and temporal

variabilities gives rise to greater overlapping of the phonemic classes making the pattern classification

problem even more difficult. It has been reported that children of age of 5 years have about 60% of

vowel classification accuracy against that of about 90% of the adults [27].

1.2.2 Linguistic Correlates of Children’s Speech

Children exhibit less precise control of the articulators especially at the age of 5-6 years. Sometimes

they have not yet learnt how to articulate specific phonemes [32]. As a result, children’s speech

have many problems like disfluencies, false-starts and extraneous speech [6, 7, 46]. The frequency of

occurrence of mispronunciations for the 8-10 years old children was noted in [46] to be almost twice

as high as that for the 11-14 years old children. Children have smaller vocabulary than adults and so,

they use less words per utterance to convey the same message. The correct inflectional forms of certain

words may not have been acquired fully by children, especially for those words that are exceptions

to common rules. So, sometimes their sentences contain some spurious words which are not found in

adults’ case.

On exploring children’s read speech and spontaneous speech, similar trend was noted in their

linguistic variabilities with age in both cases. Children’s spontaneous speech was also found to be
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less grammatical than adults’ speech. However, the adult-level values were found to reach 1-2 years

earlier for read speech [47]. Linguistic variability in children’s speech reduces with age. Older children

use simpler linguistic constructs and shorter utterances to convey the intended message. Disfluencies

decrease with age and children reach adult-skill level at around 12-13 years of age (somewhat earlier

for boys than girls) [47]. So, the ability of the children to use language efficiently to convey the message

improves with their age.

1.3 Performances of ASR Systems for Children’s Speech

In one of the earlier works on children’s ASR reported in [48], Wilpon and Jacobsen studied the

children’s speech recognition performance using a telephone speech database and a connected digit

recognizer. The ASR models were trained using equal amount of speech data from all age groups

between 8 and 80. The speech recognition results for speakers of different age groups between 8 and

80 were compared. They showed that the word error rate (WER) for recognition of children’s speech

is more than 100% higher than that for the adults’ speech. Similar observation was also reported by

Eskenazi in [49]. The difference in the ASR performance for children in comparison to that for the

adults was noted to increase with decreasing age. Similar performances for children’s speech have been

reported in many other ASR studies as well [5, 6, 9, 50]. Children’s speech recognition performances

on recognizers trained on adults’ speech were noted as WERs of 13% (on digit recognition task) and

49% (on 1000 word vocabulary task) by Potamianos et. al. in [51] and Blomberg et. al. in [52],

respectively. In [53], Gerosa and Giuliani conducted a phone recognition experiment using 28 phone

labels. They reported WER of 42% for children’s speech on adults’ speech trained models.

Also, on exploring the children’s speech recognition performances on the children’s speech trained

models, significant degradation is noted in comparison to those obtained for the adults’ speech on

the adults’ speech trained models. A WER of 23% is reported for children’s ASR performance on

children’s speech trained models by Gerosa and Giuliani in [53]. Using recognizers trained on children’s

speech, WERs of 7% (for a digit task) and 13% (for a 1000 word vocabulary task) were reported for

children’s speech by Potamianos et. al. in [51] and Blomberg et. al. in [52], respectively. These figures

represent a 185% and 380% increase in WER for children’s speech on adults’ speech trained models in

comparison to those on children’s speech trained models on digit recognition task and on 1000 word

vocabulary task, respectively. Thus, children’s speech recognition performances are far worse than
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those for the adults in general, but is even more degraded on the adults’ speech trained models i.e.,

under the mismatched condition.

Apart from measuring the computer recognition accuracy, in [54], Shona D’Arcy et. al. evaluated

the human recognition performance as well for adults’ and children’s speech. They compared the

human and machine recognition performance on the same adults’ and children’s speech data. It is

shown that human recognition performance for children’s speech exhibits similar effects of age as those

observed for automatic systems. This indicates that the effects of age on automatic speech recognition

accuracy are due to properties of children’s speech rather than the artifacts of the technology.

1.4 Review of Approaches used for Children’s ASR

Despite many studies confirming the large acoustic and linguistic differences between the adults’

and the children’s speech, the relative scarcity of large, publicly-available corpora of children’s speech

induced researchers to study the possibility to employ speech recognizers trained on adults’ speech to

decode children’s speech. Various approaches that have been explored in literature so far to address

different sources of acoustic and linguistic mismatch for improving children’s ASR on adults’ speech

trained models are briefly reviewed in this section.

1.4.1 Acoustic Mismatch

Different methods have been explored in literature for addressing various acoustic differences be-

tween adults’ and children’s speech for improving children’s ASR performances. Depending upon

the domain in which various acoustic sources of mismatch are addressed, various methods reported

in literature can be classified into three broad categories: feature domain, signal domain and model

domain approaches.

1.4.1.1 Feature Domain Approaches

Earlier works focused on compensating the acoustic variations induced by differences in the vocal

tract lengths, which is one of the major source of acoustic variation between the adults’ and the

children’s speech. Vocal tract length normalization (VTLN) is a speaker normalization method in

which the inter-speaker acoustic variability due to different vocal tract lengths across speakers is

reduced by warping the frequency axis of the speech spectrum of each speaker [55]. In [56], a strong

relationship between the optimal warping factor and the age of the speakers was shown when the
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warping factor selection is performed with respect to hidden Markov models (HMMs) trained on

adults’ speech. A number of studies investigating VTLN for children’s ASR show that when a speech

recognizer trained on adults’ speech is applied to decode children’s speech, VTLN is able to significantly

improve the children’s speech recognition performance [5, 30,51,57–61].

In [5], Burnett and Fanty, proposed a rapid approach to perform a speaker-dependent warping of

the frequency scale by selecting a Bark offset for each speaker. On adults’ speech trained models, they

showed a 5.4% and 3.5% improvement in children’s ASR performance using a single digit and a seven-

digit utterance for adaptation, respectively. As the scaling factors for each of the formant frequencies

(F1, F2, F3) are different and are phoneme-dependent, the bi-parametric and phoneme-dependent

frequency warping functions were investigated as alternatives to linear frequency warping for speaker

normalization in [28]. Additional improvements of 3-5% were reported in children’s ASR performance

by using a bi-parametric against the linear frequency warping function. Das et. al. also carried out

frequency warping on a recognizer trained on adults’ speech for testing the speech of children from 8

to 13 years of age in context of a command and control application [58]. Speaker independent and

speaker dependent frequency warping resulted in an average absolute improvement of 54% and 68%,

respectively. In [6], Narayanan and Potamianos reported 45% improvement in the WER for children’s

ASR on adults’ speech trained models by VTLN on a digit recognition task. In comparison to the

improvement reported in [6], in [53], Gerosa and Giuliani reported a decrease in the average WER for

children’s speech from 42% to 33% on an adults’ speech trained recognizer after applying VTLN on a

phone recognition task. In addition to these, a non-linear extension of VTLN was explored in [59] to

derive an optimal filter bank directly from the data for extraction of acoustic features from children’s

speech.

The use of VTLN has been found to improve the children’s ASR performance even on the matched

models i.e., the children’s speech trained models because of reduction of the inter-speaker variability

in children’s speech [9, 50]. On applying VTLN to children’s speech trained models, in [53], Gerosa

and Guiliani reported a decrease in the average WER for children’s speech from 23% to 21% on a

phone recognition task. Also, in [6], Narayanan and Potamianos have shown a 25% improvement in

WER for children’s speech recognition on matched models on a digit recognition task.

The acoustic front-end of an ASR system for children is often based on standard Mel frequency

cepstral coefficient (MFCC) features. However, few studies show attempts to find out better acoustic
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features for children’s speech to improve their ASR performance. In [48], the effectiveness of linear

prediction cepstral coefficient (LPCC) and MFCC features was compared for children’s speech recog-

nition on adults’ speech trained models on a connected digit recognition task with telephone speech.

Though it was noted that children’s ASR performance improves using LPCC features with lower model

order, but even greater improvement in the performance was observed using MFCC features. In [62],

a special variation in the Mel filterbank, consisting of the normalization of the spectral envelopes using

a technique called weighted overlapped spectral averaging was investigated. Using this front-end with

adults’ and children’s speech it was shown that it is more appropriate to assume that the spectral

envelopes of any two speakers are linearly scaled version of one another rather than assuming that the

whole magnitude spectra including pitch harmonics are scaled. Also, in [38], the length of the analysis

window and the width of the filters in the Mel filterbank have been modified to different values for

extracting features for children’s speech. However, limited effect of these parameters was noted on the

children’s speech recognition performance. In recent literature, the use of perceptual linear prediction

cepstral coefficient (PLPCC) and perceptual minimum variance distortionless response (PMVDR)

cepstral coefficient referred to as ‘PMVDR’ features have also been reported for recognizing children’s

speech on children’s speech trained models [11,63].

1.4.1.2 Signal Domain Approaches

Among the various sources of acoustic mismatch that have been attributed for degradation in

children’s ASR performance on adults’ speech trained models, in few studies, the differences in the

pitch of the signals and the rate of speech have been explicitly normalized in signal domain. In [64],

a voice transformation technique has been explored which normalizes the speech signal before being

fed to the recognizer. It modifies the speech signal by transforming its pitch using the time-domain

pitch-synchronous overlap-add (TD-PSOLA) method and obtaining VTLN by linear compression of

the spectral envelope of each window. It is reported that this method reduces the word error rates in

the order of 30-45% for children’s speech recognition on telephone bandwidth adults’ speech trained

models. In addition to this, in [59], the speaking rate normalization has been explored to achieve

a better ASR performance for children’s speech on adults’ speech trained recognizer. The speaking

rate of each speaker was normalized using the pitch-synchronous overlap-add (PSOLA) algorithm and

was shown to give 12% relative improvement in children’s ASR performance after rate normalization.

Thus, significant improvements have been noted in the children’s mismatched ASR performance with
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explicit normalization of pitch and speaking rate.

The effect of frequency bandwidth reduction on automatic recognition of children’s speech was also

investigated in many studies [58,65,66]. In particular, in [65], the children’s speech was downsampled

from the original 20 kHz to 2 kHz while adults’ speech from the original 16 kHz to 2 kHz sampling rate.

For each sampling rate a hidden Markov model (HMM) set was trained and then used to recognize

the test sets. For children’s speech, the decrease in the ASR performance was found to be relatively

small down to 6 kHz. A significant degradation in ASR performance was observed between 4 kHz and

2 kHz for both children’s and adults’ speech, but degradation was much greater for children’s speech.

It was observed that most values of the third formant for children’s speech fall outside telephone

bandwidth. This could explain well the low children’s ASR recognition performances reported for

telephone applications in [48]. Similar effects of bandwidth reduction were also noted on the human

recognition performance for children’s speech in [54].

1.4.1.3 Model Domain Approaches

Despite various feature domain and signal domain approaches that were explored for children’s

ASR, the children’s speech recognition accuracy was still not as high as that for the adult speakers on

the adults’ speech trained models [6].

For this reason, general acoustic model adaptation techniques such as maximum a posteriori

(MAP) [67] adaptation and maximum likelihood linear regression (MLLR) [68] adaptation have also

been explored to further improve the children’s recognition performance on the adults’ speech trained

models [60, 69]. MLLR applies linear transforms (in the MFCC space) to the entire set of HMMs in

order to maximize the likelihood of the adaptation data regardless of whether any examples of the

model exist in the adaptation set. On the other hand, MAP uses the generic HMMs as prior knowledge

of the parameters of a HMM and combines them with the weighted adaptation data. The weighting

depends on the amount of adaptation data available (if no adaptation data exists the generic HMM

remains unchanged). In [69], a 15.2% relative improvement has been shown in the ASR performance

using MLLR for Italian children’s speech on matched models. On the other hand, in [60] relative

improvements of 39% and 41% are reported in children’s ASR performance on adults’ speech trained

models using MAP and MLLR adaptations, respectively.

Constrained MLLR speaker normalization (CMLSN) and speaker adaptive training (SAT) have

also been studied for improving children’s ASR on the adults’ speech trained models [30,69]. CMLSN
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method transforms the acoustic observation vectors by means of speaker-specific affine transforma-

tions obtained through constrained MLLR [30]. A proper scaling factor is used for each speaker

or utterance for transforming its corresponding features. SAT performs speaker-specific transforma-

tions to compensate for the inter-speaker acoustic variations in the training set [70, 71]. It involves

MLLR adaptation of the means of output distributions of continuous density HMMs. In [30], it has

been shown that on a continuous speech recognition task relative improvements of 23% and 20% are

obtained in children’s ASR performance on adults’ HMMs using CMLSN and SAT, respectively.

Besides these, the model-space transformation through structural MAP linear regression (SMAPLR)

[72] approach has also been explored for improving children’s ASR. In [73], the children’s ASR per-

formance has been reported to relatively improve by 34% on using SMAPLR adaptation on large

vocabulary adults’ speech trained ASR models. Significant improvements have been reported in chil-

dren’s ASR performance using these model adaptation techniques on children’s speech trained models

as well [11, 69,74].

In order to cope with the age-dependent variability, age-specific modeling of recognizers has also

been tried in many studies [48, 50, 51, 57, 58]. Specific models are trained for each target age, or

age group of children speakers. Training age-specific speech models requires large amount of data

from the target age speakers making the method costlier. So, to reduce the amount of data to be

collected for robustly training acoustic models, children are often treated as a homogeneous population

group. Acoustic models are trained with speech from children of all ages [50, 51, 58]. However, the

recognition performance reported for children’s speech is usually significantly lower than that reported

for adults’ speech on the matched models and it improves as the children’s age increases [9,60,75,76].

This correlates well with results of experiments of human perception of speech from children aged

6-11 which have shown that the human word recognition error rate increases as the age of the child

decreases [77].

Lately, a different approach was proposed in [78,79] by considering adults and children as a single

population of speakers. Age-independent acoustic models were first conventionally trained by exploit-

ing a small amount of children’s speech and a more significant amount of adults’ speech. Speaker

adaptive acoustic modeling techniques were then used for building ASR system with the unbalanced

mixture of adults and children’s speech data. The ASR performances for both adults and children

were found to be as good as those achieved with age-dependent models. On further using a recognition
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vocabulary of 64k words and a tri-gram language model, the WER for children’s ASR was noted to

be only 24% (relative) higher than the WER for adults’ ASR.

However, most of the above studies pointed to the lack of children’s acoustic data and resources

to estimate speech recognition parameters relative to the over abundance of existing resources for

adults’ speech recognition. Therefore, many children’s speech corpora were later collected for building

children’s ASR models [49,80,81]. Examples of corpora mostly used for acoustic analysis and modeling

are the American English CID children corpus [27], the KIDS corpus [49], the CU Kids’ Audio Speech

Corpus [9] and the PF-STAR corpus available in the following languages: British English, Italian,

German and Swedish [81]. The availability of larger amounts of children’s speech data allowed the

re-investigation of age-dependent and speaker adaptive acoustic modeling, in the context of medium

and large vocabulary children’s continuous speech recognition tasks. A noticeable application which

makes use of large vocabulary speech recognition for children is presented in [82]. The system with

adult and child discrimination capabilities, though addresses users of all ages, makes use of different

age-dependent acoustic and language models for adults and children.

1.4.2 Linguistic Mismatch

In addition to building acoustic models customized to children as outlined above, pronunciation

and language modeling are also the issues. A standard pronunciation dictionary of an ASR system

may result unsuitable for children with a poor pronunciation or for younger children. The importance

of using customized language models in recognition of children’s speech has been pointed out in several

works [6,58,76,83]. It was found that use of a children’s speech trained language model substantially

improves their recognition performance [58, 84, 85]. The number of tied-states of a speech recognizer

was reduced to compensate for the data sparsity by Eskenazi and Pelton in [84]. Also, studies have

shown that pronunciation variation has a major influence on the recognition performance for children’s

speech [31]. The use of a user customized pronunciation dictionary was investigated in [65]. For

children who are judged to have good speaking skills, performance is found to be similar to that

obtained with adult’s speech. However error rates for children whose pronunciation is judged to be

poor can be at least four times greater. The results show that ASR performance can be improved by

using a customized dictionary, but the improvement is modest.
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1.5 Motivation of the Thesis

The large degradation in the children’s speech recognition performance on the adults’ speech

trained models is attributed to both the acoustic and the linguistic characteristics of speech. On a

connected digit recognition task as well where the linguistic differences between adults’ and children’s

speech are minimal, the children’s ASR performance has been found to be largely degraded in compar-

ison to that of the adults on the adults’ speech trained models. This indicates that a large degradation

in the children’s ASR performance is caused due to the various acoustic differences between adults’

and children’s speech.

In literature, a number of methods have been used to address various sources of acoustic mismatch

for improving the children’s speech recognition performance on the adults speech trained models.

However, the state-of-art speech recognition performance for children’s speech is still largely degraded

in comparison to the performance for adults’ speech on adults’ speech trained models [6]. This indi-

cates that either all acoustic sources of mismatch have not been addressed or have been incompletely

addressed for children’s speech recognition. Also, all the reported studies have not explored all possible

acoustic sources of mismatch in a consistent setup. In particular, besides the formant frequencies and

the speaking rate no other acoustic source of mismatch has been explored independently. Therefore,

the relative contribution of different acoustic sources of mismatch to the degradation in the children’s

ASR performance on the adults’ speech trained models cannot be ascertained. In addition to this,

besides for the formant frequencies, there is not enough explanation available in the literature for how

and why the differences in the various acoustic correlates of speech between adults’ and children’s

speech affect the commonly used features and models in case of children’s ASR. These facts further

take attention when it is noted that, to the best of our knowledge, no study in literature has explored

or addressed the pitch in isolation that has already been found to be significantly different for adults’

and children’s speech for children’s ASR.

ASR systems for children’s speech widely borrow the architectural choices, approaches and algo-

rithms from state-of-art ASR systems developed to recognize adults’ speech. For example, speech

signal is often parameterized by MFCC features. However, the standard approaches for feature ex-

traction have in general been optimized for adults’ speech. Since there are large differences in various

acoustic correlates of speech for adults’ and children’s speech, the default features used for adults’

ASR might not be suitable for parameterizing children’s speech. This point was also noted by Wilpon
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and Jacobsen who explored efficient features for parameterizing children’s speech for their recogni-

tion. They compared the effectiveness of linear prediction cepstral features and MFCC features for

children’s speech recognition on adults’ speech trained models on a connected digit recognition task

with telephone speech in [48].

1.6 Objectives of the Thesis

In order to improve the performance of children’s speech recognition, investigations of speech

recognition technologies using features and models suitable for children’s speech are needed. Therefore,

motivated by the facts discussed in previous section, the objectives of this thesis are:

• To determine the relative significance of each of the already known acoustic sources of mismatch

for children’s ASR on the adults’ speech trained models in a consistent setup. This study is done

to identify the significant acoustic sources of mismatch apart from those that are well explored

in literature.

• To explore the effect of pitch on the most commonly used MFCC features. This would provide

us an insight about the suitable modification that can be incorporated in the MFCC feature

computation to efficiently address the pitch mismatch for improving children’s ASR on adults’

speech trained models.

• To explore the pitch-robustness of other salient ASR features in comparison to MFCC features

for children’s ASR on adults’ speech trained models.

• To develop algorithms for addressing the pitch mismatch in feature domain for improving chil-

dren’s ASR performance on adults’ speech trained models.

1.7 Organization of the Thesis

The organization of the rest of this thesis is as follows:

Chapter 2 describes in detail all the methods already reported in literature which have been used

in this thesis for various experiments and analysis. The techniques as used in this thesis for modifying

various acoustic correlates of speech in a signal are discussed. The standard speaker normalization

and the models adaptation techniques used in speech technology are reviewed. Also, the details about
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the speech corpora and the experimental setup used in this thesis for training and testing the speech

recognition systems are given.

Chapter 3 explores various acoustic sources of mismatch between the adults’ and the children’s

speech for children’s speech recognition on adults’ speech trained models. The impacts of variations

in the acoustic sources of mismatch are studied on the most commonly used MFCC features and on

the automatic speech recognition models. Also, the relative significance of those acoustic sources of

mismatch is then explored for children’s speech recognition on adults’ speech trained models in a

consistent setup. The acoustic sources of mismatch that are addressed in this study are the formant

frequencies, the pitch, the speaking rate and the glottal flow parameters (open quotient, return quotient

and speed quotient).

In Chapter 4, a study is done to understand the roles of filterbank and cepstral truncation in

removing the pitch-related information in the speech spectrum from the uniform filterbank based and

the non-uniform Mel filterbank based spectra and their corresponding cepstra. The Mel cepstra for

different pitch signals are then explored to study the cause and the nature of the observed effect of

pitch on MFCC features.

In Chapter 5, the pitch-robustness of the salient features that have been reported in literature to

perform comparable or better than MFCC for adults’ speech recognition are explored for children’s

speech recognition. The features studied in this work are the PLPCC and the PMVDR features. The

effect of pitch variations across speech signals is studied on these features in comparison to that on

MFCC features.

An algorithm for normalizing the pitch differences across speech signals during MFCC feature

extraction is proposed for children’s ASR in Chapter 6. The algorithm modifies the Mel filterbank

structure during MFCC feature extraction for each test speech signal based on the average pitch of the

test signal. The efficacy of the proposed pitch normalization algorithm is also studied in combination

with the existing speaker normalization and model adaptation techniques for children’s ASR on adults’

speech trained models.

In Chapter 7, MFCC feature truncation is explored for pitch mismatch reduction for children’s

speech recognition on adults’ speech trained models. Based on the observation, an automatic algorithm

is proposed for pitch mismatch reduction. The algorithm selects the length of the base MFCC features

for recognition of each test speech signal to address its pitch mismatch with respect to the speech
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recognition models without any prior knowledge about the speaker of the test utterance. The efficacy

of the proposed algorithm is also explored in combination with the existing speaker normalization and

model adaptation techniques for children’s ASR on adults’ speech trained models.

Finally, Chapter 8 summarizes the work presented in this thesis, highlights the main contributions

of the work and gives some directions for future research. Note that all speech recognition evaluations

in this thesis are done on both connected digit recognition and continuous speech recognition tasks.
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2.1 Introduction

In this chapter, the speech corpora used in this thesis for conducting various ASR experiments on

both the connected digit recognition task and the continuous speech recognition task are described.

The details of the training and testing of the speech recognition systems used for the connected digit

recognition task and the continuous speech recognition task are also given.

Various techniques have been proposed in literature for addressing the acoustic mismatch between

the adults’ and the children’s speech for improving the children’s ASR performance on the adults’

speech trained models. In this thesis, to determine the relative significance of each of the different

acoustic sources of mismatch for children’s ASR on adults’ speech trained models, those acoustic

parameters are transformed using the methods reported in literature. Also, the consistency and

efficacy of the pitch normalization approaches proposed in this thesis is explored in conjunction with

the various existing speaker normalization and model adaptation techniques. In this chapter, thus, all

those methods from literature that have been used in this thesis are also briefly reviewed along with

their respective parameter settings kept for the experimental work.

The chapter is organized as follows: Section 2.2 presents the details about the speech corpora

followed by the details regarding the speech recognition systems used in this thesis in Section 2.3.

A brief review of the methods used for transforming various acoustic correlates of speech in signal

domain and in feature domain are explained in Section 2.4. Section 2.5 explains the various model

adaptation techniques used in this work for validating the efficacy of our proposed techniques. Finally,

the chapter is summarized in Section 2.6.

2.2 Speech Corpora

For, connected digit recognition task, TIDIGITS speech corpus [86] is used for both adults’ and

children’s speech data. For continuous speech recognition task, WSJCAM0 Cambridge Read News

corpus [87] is used for adults’ speech data and PFSTAR British English corpus [81] is used for children’s

speech data. The average fundamental frequency (referred to as ‘pitch’ through out in this thesis) of

a speech signal is found by computing the average of the pitch estimates for all frames of the signal.

The pitch estimates for all speech frames of a signal are obtained using the Entropic speech processing

system (ESPS) tool available in the Wavesurfer [88] software package. All speech data is resampled

to 8 kHz. It is well established that children’s automatic speech recognition gets more difficult when
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Table 2.1: Details of the speech corpora used for the speech recognition experiments.

Speech Corpus

TIDIGITS WSJCAM0 PFSTAR

Recognition Connected Continuous Continuous

Task Digit Speech Speech

Sampling Freq. 8 kHz 8 kHz 8 kHz

Language American English British English British English

Data Set ADtr ADts CHts1 CHtr CHts2 CAMtr CAMts PFtr PFts

Purpose TrainingTesting Testing Training Testing TrainingTesting Training Testing

Speaker Type Adults Adults ChildrenChildrenChildren Adults Adults ChildrenChildren

No. of 197 81 101 64 49 92 20 122 60

Speakers

No. of 35,566 10,813 25,525 14,725 10,800 132,778 5,320 24,208 5,067

Words

Amount of 5.3 1.6 4.4 2.5 1.9 15.5 0.6 4.8 1.1

Data (in hrs.)

Language Equi-probable 5k word 1.5k word

Model Wordnet bi-gram bi-gram

the speech is sampled at 8 kHz rate due to the loss of some important spectral features of children’s

speech above 4 kHz frequency range [65,66]. However, we address this difficult problem because of its

potential for applicability to telephone based ASR systems. The details about all these speech corpora

that are used in this thesis are given in Table 2.1. The age group-wise details of the children’s speech

corpora used for connected digit recognition task and continuous speech recognition task are given in

Table 2.2 and Table 2.3, respectively.

2.3 Speech Recognition Systems

Throughout this thesis, the ASR performances are evaluated on systems developed using HTK

toolkit [89] for two different tasks viz., connected digit recognition task and continuous speech recog-

nition task.
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The speech analysis is done using a Hamming window of length 25 ms, frame rate of 100 Hz and

a pre-emphasis factor of 0.97. The 13-dimensional MFCC [90] base features (C0 −C12) are computed

using a 21-channel filterbank using HTK. In HTK, the Mel filterbank is implemented as a uniform

filterbank in Mel frequency domain and then mapped to linear frequency. As a result, in the Mel

filterbank implementation in HTK, the bandwidths of the filters up to 1 kHz do not turn out to be of

strictly constant value unlike in the implementation proposed by Malcolm Slaney [91]. In addition to

the base features, their first and second order temporal derivatives, computed over a span of 5 frames,

are also appended making the final features 39-dimensional and henceforth, referred to as the ‘default’

MFCC features. Cepstral mean subtraction is also applied to all features. The details of the MFCC

feature computation process are given in Appendix A.

The word error rate (WER) is used to evaluate the speech recognition performance of various

techniques throughout the work in this thesis. The word error rate is computed as follows:

%WER =
Sub + Del + Ins

Total No. of Words
× 100 (2.1)

where, ‘Sub’ represents the number of substitutions, ‘Del’ represents the number of deletions and ‘Ins’

represents the number insertions made in the hypothesized text transcript with respect to the true

transcription.

Table 2.2: Age group-wise break up of children’s speech corpus used in the connected digit recognition task.

Age Group (Yrs.)

6-7 8-9 10-11 12-13 14-15

No. of Speakers 8 31 42 17 3

(Boys/Girls) (5/3) (12/19) (27/15) (5/12) (1/2)

No. of Utterances 615 2386 3231 1309 231

Table 2.3: Age group-wise break up of children’s speech corpus used in the continuous speech recognition task.

Age Group (Yrs.)

4-5 6-7 8-9 10-11 12-13

No. of Speakers 1 12 16 28 3

(Boys/Girls) (1/0) (5/7) (5/11) (18/10) (3/0)

No. of Utterances 2 20 45 58 4
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2.3.1 Connected Digit Recognition

For the connected digit recognition task, the recognizers are developed following the setup described

in [92]. The 11 digits (0-9 and OH) are modeled as whole word continuous density HMM using 16

emitting states per word. Each state is a mixture of 5 diagonal-covariance Gaussian distributions with

simple left-to-right transitions without any skips over the states. A 3-state model with 6 diagonal-

covariance components is used for modeling silence. A single state model with 6 diagonal-covariance

components (allowing skip) is used for the short-pause model tied to the center state of the silence

model. The details of the procedure used for training and testing a continuous density isolated unit

HMM are given in Appendix B. An adults’ speech trained recognizer is trained using the adults’ speech

data set ‘ADtr’ and is tested against the children’s speech data set ‘CHts1’ and the adults’ speech

data set ‘ADts’. For developing a matched children’s ASR system, CHts1 data set which comprises

all children’s speech data available in TIDIGITS corpus is split into two disjoint sets ‘CHtr’ (used

for training) and ‘CHts2’ (used for matched testing). The adults’ speech recognition performance

on children’s speech trained models is evaluated using the same adults’ speech data set ‘ADts’. The

baseline recognition performance (in WER) for ADts and CHts1 test sets on the adults’ speech trained

digit recognizer is 0.43% and 11.37%, respectively. The baseline recognition performance (in WER)

for ADts and CHts2 test sets on the children’s speech trained digit recognizer is 13.28% and 1.01%,

respectively.

2.3.2 Continuous Speech Recognition

For the continuous speech recognition task, the recognizer is developed using cross-word tri-phone

acoustic models along with decision tree based state tying. Each tri-phone acoustic model consists of 3

emitting states with 8 diagonal-covariance Gaussian components for each state. A 3-state model with

16 diagonal-covariance Gaussian components is used for modeling silence, and a short-pause model

(allowing skip) is constructed with all states tied to the silence model. The adults’ speech trained

recognizer is trained using the adults’ speech data set ‘CAMtr’ resulting in 2499 tied-states after

doing state tying. To evaluate the adults’ speech and children’s speech recognition performance on

this adults’ speech trained continuous speech recognizer the ‘CAMts’ data set and the ‘PFts’ data set is

used, respectively. The children’s speech trained recognizer is trained using the children’s speech data

set ‘PFtr’ while its recognition performance is evaluated against the children’s data set ‘PFts’ and the
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adults’ speech data set ‘CAMts’. The standard WSJ0 5,000 words closed non-verbalized punctuation

vocabulary set and the standard MIT-Lincoln Labs 5k Wall Street Journal bi-gram language model

are used for recognition of the adults’ test set CAMts having no out of vocabulary (OOV) word. For

recognition of the children’s test set PFts, a 1,500 words non-verbalized punctuation vocabulary set

and a 1.5k bi-gram language model are used. The language model for recognizing children’s test set

PFts is trained using the transcripts of the children’s speech data set PFtr such that the PFts test set

has perplexity of 1.02% OOV. The pronunciations for all words are obtained from the British English

Example Pronunciation (BEEP) dictionary [87,93]. The baseline recognition performance (in WER)

for CAMts and PFts test sets on the adults’ speech trained continuous speech recognizer is 9.92% and

56.34%, respectively. The recognition performance for the children’s speech data set PFts is far worse

than that obtained on the adults’ speech data set CAMts due to the large acoustic mismatch between

the adults’ training and the children’s test data and also due to the loss of spectral information in

case of narrowband children’s speech. On the children’s speech trained continuous speech recognizer,

the baseline recognition performance (in WER) for CAMts and PFts test sets is 68.36% and 12.41%,

respectively. The poor ASR performance for children’s test speech on matched children’s speech

trained acoustic models in comparison to that for adults’ test speech on matched adults’ speech

trained models is attributed to greater intra- and inter-speaker variability among children than in

adults [28,30]. It is to note that the trend observed in the ASR performances obtained for the above

data sets and experimental setups are consistent with that already reported in literature.

The above described recognition systems for both connected digit and continuous speech recogni-

tion tasks are used throughout this thesis. This thesis focusses on the children’s speech recognition

performances on the adults’ speech trained models i.e., under mismatched condition. So, unless spec-

ified otherwise, all children’s speech recognition performances in this thesis refer to children’s speech

recognition performances on the adults’ speech trained models i.e., under mismatched condition.

2.4 Methods for Transformation of Acoustic Correlates of Speech

In this thesis, the various acoustic correlates of speech that have been studied are the pitch, the

speaking rate, the formant frequencies and the different glottal flow parameters. For transforming

each of these acoustic correlates, the methods already reported in literature have been used. Among

these, the pitch, the speaking rate and the glottal flow parameters have been transformed explicitly in
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the signal domain in this thesis using the pitch-synchronous time-scaling (PSTS) [1] method. On the

other hand, the formant frequencies have been transformed in this thesis in the feature domain using

the VTLN technique as proposed by [55]. All these transformation methods used in the following

works in this thesis are briefly described in the following subsections.

2.4.1 Signal Domain Method: PSTS

For exploring the effect of different acoustic correlates of speech on the ASR performance, in this

thesis, the pitch, the signal duration (for modifying the speaking rate) and the glottal flow parameters

viz., the open quotient (OQ), the return quotient (RQ) and the speed quotient (SQ) of the test speech

signals are explicitly modified. The PSTS [1] method is reported to provide faithful transformations

over a wide range of transformation factors for the above said parameters. In this section, the PSTS

method which is used for transforming the average pitch, the signal duration and the glottal flow

parameters (OQ, RQ, and SQ) of the speech signals in this thesis is described.

The PSTS method involves pitch-synchronous time-scaling of the linear prediction (LP) residual

waveform of the speech signal. By time-scaling the short-time signals, the overlapping interval can

be changed maintaining the energy balance of the modified signal. Since the LP residual signal

approximates the derivative of the excitation signal, the time-scaling operation also helps in preserving

various important parameters of the glottal waveform like the OQ, the RQ and the SQ. Additionally, it

also overcomes the problem of energy fluctuations at large pitch modification factors which have been

observed in case of pitch transformation using the pitch-synchronous overlap-add based approaches [1].

For doing the pitch-synchronous LP analysis, the pitch marks of the speech signals are extracted.

A pitch mark is the location of the short-time energy peak of each pitch pulse in a speech signal. The

pitch marks in the voiced regions are computed using the glottal closure instants estimation algorithm

in ESPS tool. The algorithm first filters the speech signal with a low and a high band filter and then

uses an autocorrelation function to find the pitch mark peaks within the minimum and maximum

frequencies specified in the algorithm. In the unvoiced regions of the speech signals, the pitch marks

are kept 5 ms equi-spaced. A 10th order pitch-synchronous LP analysis of the speech signal is per-

formed using a 20 ms Hanning window centered on each estimated pitch mark. The residual signal is

obtained by inverse filtering the speech signal by a time-varying all-zeros filter defined by the linear

prediction coefficients (LPC) associated with each pitch mark. The analysis short-time signals, xi(n),

are obtained by shifting the LP residual signal, x(n), to begin in the previous analysis pitch mark,
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pa(i − 1), and then multiplying it with a rectangular window, rec(n), of length equal to the analysis

pitch period, Pa(i) = pa(i)− pa(i− 1) :

xi(n) = x(n+ pa(i− 1)) rec(n) (2.2)

where,

rec(n) =











1, 0 ≤ n < Pa(i)

0, otherwise
(2.3)

2.4.1.1 Transformation of Pitch and Signal Duration

The pitch marks and the LP residual signal are computed as described in Section 2.4.1. The

modified pitch mark locations are then computed in accordance to the desired pitch and signal duration

(for speaking rate) modification. The shift between successive synthesis pitch marks is equal to the

desired pitch period Ps(j) = ps(j) − ps(j − 1). The synthesis pitch marks ps(j) are mapped on the

estimated analysis pitch marks pa(i) to determine the short-time signals xi(n) corresponding to each

of the synthesis pitch marks ps(j).

The pitch and duration transformations can lead to either removal or replication of the analysis

short-time signals according to the modification factor. To avoid various phase and frequency dis-

continuities in the energy envelope and achieve smooth spectral transitions, the non-adjacent lth and

rth short-time analysis signals chosen corresponding to two consecutive synthesis pitch marks are first

time-scaled to the desired synthesis pitch period Ps(j) to get zl(n) and zr(n). The scaling operation

is performed with four times over sampling in order to minimize aliasing due to non-ideal low-pass

filtering. Then, zl(n) and zr(n) are weighted and added to obtain the resultant modified jth short-time

synthesis signal yj(n):

yj(n) = h(n)zl(n) + h(Ps(j) − n)zr(n) (2.4)

where, h(n) represents a decaying weighting window of size equal to Ps(j), such that h(n)+h(Ps(j)−

n) = 1. The right half of the Hanning window satisfies this condition.

For pitch transformation factors Nt > 1, the speech spectrum gets compressed, giving rise to an

“energy hole” at the higher frequencies. Since in our experiments, children’s speech is transformed to

adults’ speech, this problem gets even more enhanced. To overcome this problem, a high frequency
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regeneration method is used which regenerates the high-frequency region of the excitation signal, using

the correlation between the shape of the glottal flow waveform and the spectrum of the voice source.

By pitch-synchronous time-scaling of the open phase of the glottal source waveform, the method

reduces the OQ which in turn boosts the energy at the high frequency region of the source spectrum

to fill the energy hole. For details of the high frequency regeneration method refer to [94].

Finally, the complete synthesis LP residual signal is obtained by the pitch-synchronous sum of all

the synthesis short-time signals using Eqn. (2.5). The modified speech signal is synthesized by passing

the modified LP residual through a time-varying all-zeros filter defined by the LPC mapped to the

synthesis pitch marks.

y(n) =
∑

j

(yj(n− ps(j) + Ps(j))) (2.5)

2.4.1.2 Transformation of Glottal Flow Parameters

The original speech waveform is high-pass filtered with a pre-emphasis filter (α = 0.97) to attenuate

low-frequency rumble and obtain a flatter residual. The pitch marks and the LP residual signal are

then computed as described in Section 2.4.1. Corresponding to each pitch cycle a short-time analysis

frame is determined using Eqn. (2.3). The following time instants are then estimated for each of the

voiced short-time analysis frames:

• Glottal closure instant (ncl): It is estimated as the instant of the first peak after the first zero

crossing in the short-time signal.

• Glottal opening instant (nop): It is obtained using the threshold based method described in [95].

• Instant of maximum of the glottal flow (np): To compute this instant, first, the DC value

between the glottal opening (nop) and every zero crossing to the end of the short-time signal is

computed. Then, the zero crossing correspondent to the maximum DC value is chosen as the

instant of maximum of the glottal flow.

In order to transform the glottal flow parameters, time-scale transformations are done over the

segments corresponding to the glottal flow phases in each of the short-time analysis frames. To

avoid aliasing, time-scaling is performed using over sampling with a factor of four. The segments
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Figure 2.1: Representation of the extracted time instants and the glottal cycle phases in (a) the glottal flow
waveform and (b) its time-derivative (i.e., the LP residual signal). The figure is adapted from [1].

corresponding to each of the glottal cycle phases are computed from the extracted time instants using

the following relations:

Return Phase: Na = ncl (2.6)

Peak Flow Duration: Ne = N − nop (2.7)

Closed Phase: Nc = N −Na −Ne (2.8)

Opening Phase: Nop = np − nop (2.9)

Closing Phase: Ncl = N − np (2.10)

A typical illustration of the various extracted time instants and the glottal cycle phases is given

in Figure 2.1.

The open quotient is related to the duration of the open phase and can be expressed as:

OQ = (Na +Ne)/N (2.11)

To increase OQ, both the return phase duration and the peak flow duration must be increased. To

decrease OQ, both the durations must be shortened. Thus, the time-scale factor is equal to the

required modification factor for OQ. Due to time-scale transformation it is necessary to adjust the

duration of the closed phase to preserve the pitch period of the glottal waveform as described in [1].
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The return quotient is related with the duration of the return phase and determines the cut-off

frequency of the spectral tilt. It is computed as:

RQ = Na/N (2.12)

The return quotient can be increased or decreased by a time-scale expansion or compression of the

return phase. To maintain the pitch period and the open quotient, the peak flow duration is also

time-scaled by an adequate factor.

The speed quotient is related to the asymmetry coefficient and accounts for variations in the shape

of the segment corresponding to the open phase of the glottal flow. It can be expressed as:

SQ = Nop/Ncl (2.13)

The speed quotient can be increased with a time-scale expansion of the opening phase and a time-scale

compression of the closing phase so that the peak flow duration Ne = Nop+Ncl remains constant. SQ

can be decreased by the opposite transformation.

Finally, the complete synthesis LP residual signal and the modified synthesis speech signal are com-

puted as described in the Section 2.4.1.1. The sample speech files with the average pitch, the average

utterance duration and the average values of the glottal flow parameters (OQ, RQ and SQ) modified

by different factors are available at “http://www.iitg.ac.in/ece/emstlab/psts.htm” for assessing the

quality of the various transformations.

2.4.2 Feature Domain Method: VTLN

For addressing the mismatch between the adults’ and the children’s speech due to differences in

the formant frequencies, VTLN is used. VTLN is a speaker normalization method in which the inter-

speaker acoustic variability due to varying vocal tract lengths i.e., the mismatch due to difference

in the formant frequencies among speakers is reduced by warping the frequency axis of the speech

spectrum of each speaker [96, 97]. In this work, VTLN is performed on an utterance-by-utterance

basis on the test speech data as described in [55].

For warping the frequency axis of the utterances during computation of MFCC features, the piece-

wise linear frequency warping of filterbank, as supported in the HTK [89], is used. The spacing and

the width of the filters in the Mel filterbank are changed while maintaining the speech spectrum

unchanged. As the warping would lead to some filters being placed outside the analysis frequency
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range, to avoid the same a piece-wise linear warping function of the frequency axis of the Mel filterbank

is employed [55]:

gα(f) =











1
α
f 0 ≤ f ≤ f0

1
α
f0 +

fmax−
1

α
f0

fmax−f0
(f − f0) f0 < f ≤ fmax

(2.14)

where, fmax denotes the maximum signal bandwidth (4 kHz in this work) and f0 is an empirically

chosen frequency of 3.4 kHz.

The optimal frequency warp factor for the test signal is estimated based on a maximum likelihood

(ML) grid search over a possible range of warp factors given a current set of acoustic models under

the constraint of the first-pass transcription of the test signal. In this work, for doing ML grid search,

each speech feature is warped by 13 different factors ranging from 0.88-1.12 in steps of 0.02. Given

the various warped features, the optimal value α̂, by which the frequency axis of speech spectrum is

warped, is estimated as:

α̂ = argmax
α

P (Xα
i |λ,Wi) (2.15)

where, Xα
i represents the warped feature for the ith utterance with frequency axis of speech spectrum

scaled by factor α. λ represents the HMM-based speech recognition model and Wi is the transcription

of the ith utterance. Wi is determined by the first recognition pass using the unwarped feature

set. Ideally, the effect of using an optimal scaling factor selected in this way for each utterance is

that of normalizing the test speech data with respect to the average vocal tract length of the training

population of the recognition model set M, thus reducing the inter-speaker acoustic variability between

the training and the test data.

2.5 Model Adaptation Techniques

The model adaptation techniques compute a set of transformations for the means and/or the

variances of the models or for the features that are used to reduce the mismatch between an initial

model set and the adaptation data. The ML estimates of all transformation matrices for adaptation are

obtained by solving a maximization problem for a standard auxiliary function using the Expectation-

Maximization (EM) technique on adaptation data. The standard auxiliary function used to estimate

the transforms is:
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Q(M, M̂) = −
1

2

R
∑

r=1

Mr
∑

mr=1

T
∑

t=1

Lmr(t)[K
(mr) + log(| ˆΣmr |) + (o(t) − ˆµmr)

T ˆΣ−1
mr(o(t)− ˆµmr)] (2.16)

where, M represents the current recognition model set, M̂ represents the adapted model set, r denotes

the training observation sequence from a set of training data observations where 1 ≤ r ≤ R. mr denotes

the mth mixture component of the rth observation sequence while Mr denotes the total number of

mixture components of the rth observation sequence. O represents the sequence of d-dimensional

observations, o(t) denotes the observation at time t where 1 ≤ t ≤ T . µmr represents the mean vector

for the mixture component mr, Σmr represents the covariance matrix for the mixture component

mr and K(mr) subsumes all constants. Lmr(t) represents the occupancy probability for the mixture

component mr at time t and is defined as,

Lmr(t) = P (qmr(t)|M,OT ) (2.17)

where, qmr(t) represents the Gaussian component mr at time t, and OT = {o(1), ...,o(T )} represents

the adaptation data.

In this work, all model adaptations are performed as supported in the HTK computing speaker-

specific transformations in all cases.

2.5.1 MLLR

In MLLR [68] model adaptation technique, a set of linear transformations for the mean µ and

variance Σ parameters of the Gaussian distributions N (x;µ,Σ) in HMM are estimated. The effect of

these transformations is to shift the component means and alter the variances in the initial system so

that each state in the HMM is more likely to generate the adaptation data. In this work, the effect of

adapting the mean and the variance parameters of the models is studied separately.

2.5.1.1 MLLR-MEAN

The adaptation method in which the linear transformations of only the means of the Gaussian

distributions of the models are learnt using MLLR is referred to in this thesis as ‘MLLR-MEAN’. The

adapted d× 1 mean vector µ̂ is given by,

µ̂ =Wξ (2.18)
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where, W represents the d× (d+1) transformation matrix (where, d is the dimensionality of the data)

and ξ represents the extended mean vector.

ξ = [w µ1 µ2 ... µd]
T (2.19)

where, w represents a bias offset which is kept as 1 (default value within HTK) in this work and µ

represents a d× 1 mean vector. Hence, W can be decomposed into

W = [b A] (2.20)

where, A represents a d× d transformation matrix and b represents a d× 1 bias vector.

2.5.1.2 MLLR-COV

The adaptation method in which the linear transformations are applied only to the variances of

the models is referred to in this thesis as ‘MLLR-COV’. The transformation of the covariance matrix

Σ is of the form

Σ̂ = HΣHT (2.21)

where, H represents the d× d transformation matrix.

This form of transformation can also be efficiently implemented as a transformation of the means

and the features using the relation:

N (o;µ,HΣHT ) =
1

|H|
N (H−1o;H−1µ,Σ) = |A|N (Ao;Aµ,Σ) (2.22)

where, A = H−1. Using this form it is possible to estimate and efficiently apply full transformations.

2.5.2 CMLLR

In constrained MLLR (CMLLR) feature adaptation technique, a set of linear transformations for

the features are estimated so as to modify the feature vectors such that their likelihoods increase with

respect to the given model.

In [71], it is shown that mean µ and variance Σ of a Gaussian density N (o;µ,Σ) associated with a

HMM state can be adapted by means of an affine transformation, estimated in the maximum likelihood

framework, in the following way:

30

TH-1042_06610209



2.5 Model Adaptation Techniques

µ̂ = Ãµ+ b̃, Σ̂ = ÃΣÃ∗ (2.23)

where, Ã and b̃ represent the matrix and the offset vector of the so-called constrained model-space

transformation [71]. The term constrained denotes that the same matrix is applied to transform mean

and variance. When a single transformation is used for adapting all the Gaussian densities in the

recognition system, CMLLR adaptation can be implemented by transforming acoustic observations [71]

using the following identity:

N (Ao+ b;µ,Σ) = |A−1|N (o;A−1(µ− b), A−1ΣA−1∗) (2.24)

In this work, we are interested in the feature-space transformation, to be applied to the feature

vectors, represented by A and b which are related to Ã and b̃ by:

Ã = A−1, b̃ = −A−1b (2.25)

Thus, the adapted d× 1 observation vector ô is given by,

ô =Wo ζ (2.26)

where, Wo represents the d × (d + 1) transformation matrix (where, d is the dimensionality of the

data) and ζ represents the extended observation vector.

ζ = [w o1 o2 ... od]
T (2.27)

where, w represents a bias offset which is kept as 1 (default value within HTK) in this work and o

represents a d× 1 observation vector.

Hence, Wo can be decomposed into

Wo = [b A] (2.28)

where, A represents a d×d transformation matrix and b represents a d×1 bias vector. Since, multiple

CMLLR transforms may be used it is important to include the Jacobian in the likelihood calculation.

L(o;µ,Σ, A,b) = |A|N (Ao + b;µ,Σ) (2.29)
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2.6 Summary

In this chapter, the details of the speech corpora and the experimental setup used for various

ASR performance evaluations in this thesis are described. The speech corpora that are used further

in this thesis for adults’ and children’s speech recognition experiments are TIDIGITS, WSJCAM0

and PFSTAR. The TIDIGITS speech corpus is used to perform ASR experiments on connected digit

recognition (limited vocabulary) task while WSJCAM0 and PFSTAR speech corpora are used for

conducting ASR experiments on continuous speech recognition task. In addition to this, the VTLN

approach as used in this thesis for normalization of the acoustic mismatch due to differences in the

formant frequencies is described. The PSTS method, reported in literature, is then reviewed along

with its experimental settings as used in this thesis for transformation of pitch, speaking rate and

glottal flow parameters. The model adaptation techniques already existing in literature viz., MLLR

and CMLLR are also discussed in brief which are used in the upcoming chapters for exploring the

efficacy of the methods proposed in this thesis.
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3. Role of Various Acoustic Sources of Mismatch in Children’s ASR

3.1 Introduction

In literature, various acoustic sources of mismatch between adults’ and children’s speech have

been attributed to the degradation in the children’s ASR performance on the adults’ speech trained

models [6, 27, 30, 31]. A number of studies have explored different feature domain and model domain

techniques for addressing various acoustic sources of mismatch for improving children’s ASR perfor-

mance [30,59,64]. However, besides for the formant frequencies, there is still not enough explanation

available in literature for how the differences in the various acoustic correlates of speech affect the

commonly used features and models in case of children’s ASR. Also, all the reported studies in liter-

ature have not explored all possible acoustic sources of mismatch in a consistent setup. As a result,

the relative contribution of different acoustic sources of mismatch to the degradation in the children’s

ASR performance on the adults’ speech trained models cannot be still ascertained.

Motivated by these, in this chapter, the effect of differences in various acoustic sources of mismatch

between the adults’ and the children’s speech, which have already been identified in literature, is

explored on the most commonly used MFCC [90] features and HMM-based ASR models in context

of children’s ASR on adults’ speech trained models. The acoustic correlates that are included in

this study are the pitch, the speaking rate, the formant frequencies and the glottal flow parameters:

open quotient (OQ), return quotient (RQ) and speed quotient (SQ). Following this, an effort is made

to determine the relative significance of each of these acoustic correlates for the children’s ASR on

the adults’ speech trained models by explicitly normalizing them using the techniques available in

literature. The study is done initially on a limited vocabulary connected digit recognition task where

the linguistic differences between the adults’ and the children’s speech would be minimal. Further, to

verify the generality of the observations made on a digit recognition task, the study is also repeated

on a continuous speech recognition task. To study the effect of only the acoustic mismatch between

the adults’ and the children’s speech, the respective language models are used for the adults’ and the

children’s speech recognition on a continuous speech recognition task.

The rest of the chapter is organized as follows. In Section 3.2, the effect of differences in various

acoustic correlates of speech is explored on the commonly used MFCC features and HMM-based ASR

models. The children’s ASR performances with explicit normalization of various acoustic correlates

are given in Section 3.3. In Section 3.4, combination of the explicit acoustic normalization with the

existing model adaptation techniques is explored. Finally, this chapter is summarized in Section 3.5.
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3.2 Effect of Various Acoustic Sources of Mismatch on MFCC Fea-
tures & ASR Models

In this section, the effect of differences in various acoustic sources of mismatch between the adults’

and the children’s speech is explored on MFCC features and HMM-based acoustic models. The various

acoustic correlates that are studied are the pitch, the speaking rate, the formant frequencies and the

glottal flow parameters (OQ, RQ and SQ). To study the effect of various acoustic sources of mismatch

on MFCC features, the vowel speech data derived from the TIMIT [98] database is used. The extracted

vowel speech data is downsampled from 16 kHz to 8 kHz in order to be consistent with the recognition

experiments reported throughout in this thesis.

3.2.1 Pitch

The Mel filterbank is employed during MFCC feature computation so as to smooth out the pitch

harmonics in the speech spectrum. Thus, MFCC features are expected to predominantly capture the

envelope of the speech spectrum and be devoid of any pitch-related information. However, in [99],

it has been reported that the pitch can be predicted from MFCC features and thus, has shown

the possibility of reconstructing a speech signal from its MFCC features. Also, improvement in

the phone classification performance has been observed with pitch-dependent normalization of Mel

cepstrum [100]. In context of children’s ASR using MFCC features, a study has reported an improved

children’s ASR performance on reduction of the pitch of the signals [64]. Recently, in [101], the pitch

adaptive MFCC features have been shown to improve the adults’ ASR performance on matched models

on large vocabulary ASR tasks. Motivated by these studies, we explore the effect of pitch on MFCC

features.

First, the effect of pitch is explored on the smoothed Mel spectrum corresponding to the 13-

dimensional (13-D) base MFCC (C0 − C12) features. The smoothed Mel spectrum corresponding to

MFCC is derived by computing a 128-point inverse discrete cosine transform of the 13-D base MFCC

features after appending 115 zeros to the 13-D MFCC features. Figure 3.1 shows the smoothed Mel

spectra along with the linear discrete Fourier transform (DFT) spectrum for central steady-state

portions of vowel /IY/ having pitch values of around 100 Hz, 220 Hz and 300 Hz. Some significant

distortions are observed in the smoothed Mel spectral envelope particularly at the lower frequencies

(below 1 kHz) for 220 Hz and 300 Hz pitch signals when compared with that of the 100 Hz signal.
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Figure 3.1: Plots of the signals and the smoothed Mel spectra (referred to as ’Smoothed’) along with their
corresponding linear DFT spectra for central steady-state portions of vowel /IY/ having pitch values of around
(a) 100 Hz (b) 220 Hz (c) 300 Hz.

Motivated by these, we further analyze the effect of the pitch variations among the speech signals

on MFCC (C0 − C12) features. The speech signals in the TIMIT database belonging to ‘low’ (100-

125 Hz) and ‘high’ (200-250 Hz) pitch groups are selected. The average pitch (Fo) of the signals

is estimated using the ESPS tool available in the Wavesurfer software package [88] as described in

Section 2.2. The central steady-state portions of 7 different vowels present in the selected signals are

then extracted and their corresponding MFCC features are computed. For each vowel, approximately

2000 frames corresponding to the central steady-portions are used for the study.

The plots of mean and the bar-plots showing variance of each of the 12 dimensions (C1 − C12)

of MFCC features for signals belonging to ‘low’ and ‘high’ pitch groups for a representative vowel

/IY/ are shown in Figure 3.2(a) and Figure 3.2(b), respectively. It is noted that the variances of the

higher order coefficients of MFCC features of the high pitch group signals are much larger than those

corresponding to the low pitch group signals. To validate whether these differences in the variances

of MFCCs are caused by the differences in the average pitch values of the signals in the two groups,

the pitch of the 200-250 Hz pitch group signals is transformed to 140-175 Hz pitch range through a
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Figure 3.2: Plots showing (a) mean and (b) variance of MFCC (C1 −C12) of central steady-state portions of
vowel /IY/ from signals of different pitch groups: original 100-125 Hz, original 200-250 Hz and pitch transformed
versions of original 200-250 Hz pitch group signals with average pitch values transformed to 140-175 Hz pitch
range.

constant factor of 0.7 for all vowels using the PSTS [1] method as described in Section 2.4.1.1. A

little higher transformation factor of 0.7 is used in place of 0.5 so as to limit the possible distortions

that might appear during explicit pitch transformation process with the use of lower transformation

factors. The plots of mean and the bar-plots showing variance of each of the 12 dimensions (C1−C12)

of MFCC features for signals belonging to the transformed pitch group for vowel /IY/ are also shown

in Figure 3.2(a) and Figure 3.2(b), respectively. It is noted that on reduction of pitch of the signals

the variances of the higher order coefficients of their MFCC features also reduce considerably. The

cause of the occurrence of some distortions in the smoothed Mel spectra of high pitch signals and the

increase in the variances of the higher order MFCCs with increase in the pitch of the signals is further

explained in detail in Chapter 4.

In continuous density HMMs, the likelihood computation for recognition purpose involves the use

of the Mahalanobis distance (MD) measure [102]. Thus, to quantify the effect of these variations in

MFCC features due to changes in average pitch across the signals on the classification performance of

the speech recognition models, the MD measure is employed. The greater is the MD of a feature vector

with respect to a given recognition model, the poorer is the classification and thus, the recognition
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Table 3.1: Mean and variance of the squared Mahalanobis distances (MD) of MFCC (C1−C12) features of the
original signals of 100-125 Hz and 200-250 Hz pitch groups and the transformed signals with pitch transformation
from 200-250 Hz to 140-175 Hz pitch range from the distribution of MFCC features of 75-100 Hz pitch group
signals for different vowels.

Squared MD (Mean/Variance)

Pitch Group Vowel /AE/ Vowel /IY/

100-125 Hz (Original) 12.4 / 60.2 13.5 / 85.3

200-250 Hz (Original) 65.4 / 2553.1 59.2 / 1735.4

200-250 Hz (Transformed 35.3 / 282.7 34.7 / 246.8

to 140-175 Hz)

performance of the model for that feature. The MD is computed for the MFCC (C1 − C12) feature

vectors of all signals of the low pitch group, the high pitch group and the pitch transformed version

of the high pitch group to 140-175 Hz pitch range with respect to the distribution of MFCC features

of the 75-100 Hz pitch group signals using Eqn. 3.1 :

MD(x, µL) =
√

(x− µL)TΣ
−1
L (x− µL) (3.1)

where, x represents the feature vector whose distance is to be computed. µL represents the mean

and ΣL represents the diagonal-covariance of the distribution of MFCC features of 75-100 Hz pitch

group signals. The mean and variance of the squared MD of the feature vectors of all signals of a

pitch group are then computed in order to determine the average distance and the extent of distance

of the feature vectors of that pitch group from the 75-100 Hz pitch group distribution, respectively.

This procedure is performed on all pitch groups separately. The means and variances of squared MD

of MFCC (C1 −C12) features of signals of different pitch groups for vowels /AE/ and /IY/ are given

in Table 3.1. It is noted that the mean and variance of squared MD are greater for the high pitch

group than those for the low pitch group. Thus, the models trained with the 75-100 Hz pitch group

signals would have poor classification for the original high pitch group signals in comparison to the

low pitch group signals. However, on reduction of the pitch of the high pitch group signals, the mean

and variance of squared MD for the high pitch group signals are significantly reduced in comparison

to those corresponding to the original high pitch group signals. This indicates that increase in the

pitch of the signals increases the MD of their MFCC features from the given models. This would in

38

TH-1042_06610209



3.2 Effect of Various Acoustic Sources of Mismatch on MFCC Features & ASR Models

0 50 100 150 200 250 300 350 400
0

200

400

600

800

1000

Pitch Frequency (Hz)

N
o

. 
o

f 
U

tt
e

ra
n

c
e

s
Mean F

0
 =146 Hz

(a)

0 50 100 150 200 250 300 350 400
0

200

400

600

800

1000

Pitch Frequency (Hz)

N
o

. 
o

f 
U

tt
e

ra
n

c
e

s

 

 

F
0
 < 250 Hz

250 Hz ≤ F
0
 < 300 Hz

F
0
 ≥ 300 Hz 

F
0
≥300Hz

Mean             = 312.9 Hz

250Hz ≤ F
0
<300Hz

Mean                       = 267.6 Hz

F
0
<250HzMean             = 221.6 Hz

All F
0

Mean        = 238 Hz

(b)

Figure 3.3: Distribution of average pitch of the original signals of (a) adults’ training set ADtr (b) children’s
test set CHts1. Three broad pitch groups have been marked with three different colors for studying their
distribution after explicit pitch normalization.

turn cause degradation in the classification performance and therefore, the recognition performance

of the given ASR models for those signals.

The difference in the average pitch values of the children’s and the adults’ speech data used in

this work can be understood by observing the distribution of the average pitch of the signals of the

adults’ training set ADtr and the children’s test set CHts1 as shown in Figure 3.3(a) and Figure 3.3(b),

respectively. It is noted that the mean of the pitch distribution of the children’s test set CHts1 is

nearly of the order of 1.6 to that of the adults’ training set ADtr. The bi-modal distribution of the

average pitch of the adults’ training set ADtr is attributed to the presence of both male and female

speakers in that data set. Thus, as expected, children have significantly higher pitch values than adults.

Therefore, on account of the already noted effect of pitch of the signals on the MD of their features,

children’s speech recognition would be significantly degraded on the adults’ speech trained models.

Also, it is hypothesized that the reduction of the variances of MD with explicit pitch normalization

on account of reduction of the variances of higher order coefficients of MFCC feature would in turn

result in improvement in the ASR performance for children’s speech.
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3.2.2 Speaking Rate

In literature, many studies have reported that the variation in the speaking rate affects the acous-

tic patterns of speech by restructuring the relationship between the acoustic cues and the phonetic

categories and thus, affect both perception and production of phones [103–105]. Also, some studies

have reported significant degradation in the ASR performance for exceptionally fast and slow speaking

rate adults’ speech [106–109]. The speaking rate has been observed to affect the duration of vowels the

most [110,111]. The ratio of duration between a consonant and a vowel of a CV-syllable in a fast speech

is kept almost the same as that in a neutral speech while vowel lengthening becomes significantly large

in the slow speech [111]. Following that, in [106], more explicit modeling of the phone durations by

modification of the state-transition probabilities of the HMM-based acoustic models has been explored

for improving the adults’ ASR performance. In [107], it was noted that the increase in the phone exit

probability in each state of the model significantly improved the recognition performance for adults’

speech having fast speaking rates. Therefore, the models trained with fast and slow speaking rate

speech data would have largely different transition probabilities. From literature, it is already known

that children have lower speaking rate than adults [27]. Also, in [59], improvement in the children’s

ASR performance has been noted on adults’ speech trained models after normalization of speaking

rates of children’s speech. Therefore, motivated by these, we explore the effect of different speaking

rates on the state-transition probabilities of adults’ and children’s speech trained HMM-based acoustic

models.

In order to explore the effect of differences in adults’ and children’s speaking rate on the state-

transition probabilities of ASR models, the self-loop transition probabilities of each of the 16 emitting

states of the single digit ‘OH’ models corresponding to the children’s speech data set CHtr (less speak-

ing rate) and the adults’ speech data set ADtr (high speaking rate) shown in Figure 3.4 are compared.

The digit ‘OH’ models corresponding to both the adults’ training set ADtr and the children’s training

set CHtr are generated following the setup described in Section 2.3.1. It is noted that the children’s

speech trained model has greater self-loop transition probability across all states in comparison to

that of the adults’ speech trained model. This implies that in case of children’s speech each obser-

vation has more probability to remain in same state for longer time than in case of adults’ speech.

This is attributed to the fact that children’s speech has lesser speaking rate and thus have longer

sentence/phone durations in comparison to those for the adults’ speech.
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Figure 3.4: State-wise self-loop transition probabilities of the digit ‘OH’ models corresponding to the adults’
data set ADtr and the children’s data set CHtr.

The difference in the average speaking rate of the children’s and the adults’ speech data used in

this work can be understood by observing the distribution of the average speaking rate of the adults’

training set ADtr and the children’s test set CHts1 as shown in Figure 3.5(a) and Figure 3.5(b),

respectively. It is noted that the mean of the speaking rate distribution of the adults’ training set

ADtr is 1.2 times that of the children’s test set CHts1. Thus, as expected, children have longer

sentence duration, and thus, lower speaking rate than adults.
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Figure 3.5: Distribution of average speaking rate of the original signals of (a) adults’ training set ADtr
(b) children’s test set CHts1.
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Therefore, on account of the already noted effect of rate of speech of training data on the state-

transition probabilities of the models, the children’s ASR performance on the adults’ speech trained

models would be adversely affected. So, it is hypothesized that explicit speaking rate normalization

of children’s speech might improve their recognition on the adults’ speech trained models which have

comparatively fast speaking rate.

3.2.3 Glottal Flow Parameters

The voice source signal and its corresponding source spectrum are found to differ significantly

among speakers due to differences in their physiological attributes [41, 42]. For instance, the OQ

mainly affects the levels of the lower part of the source spectrum so that a large OQ typically means

a higher level of the lowest few harmonics. The RQ affects the steepness of the source spectrum so

that a large RQ corresponds to greater attenuation of the higher frequencies. As a result, these glottal

flow parameters govern the voice quality and thus, the breathiness in the speech [43–45]. In literature,

young children have been reported to have 60% more breathiness in their speech than adults [28].

In addition to this, the glottal flow parameters like OQ, RQ and SQ have also been observed to be

different for adults’ and children’s speech [33,34]. Therefore, motivated by these observations reported

in literature, the effect of variations in each of the glottal flow parameters (OQ, RQ and SQ) on MFCC

features is studied.

In order to explore the effect of differences in these three chosen glottal flow parameters on MFCC

features, the smoothed Mel spectra corresponding to 13-D MFCC (C0−C12) of a central steady-state

frame obtained from a digit ‘OH’ speech signal before and after transformation of each of these glottal

flow parameters by different factors are compared as shown in Figure 3.6. It is noted that changes in

the values of any of these three glottal flow parameters give rise to some changes in the smoothed Mel

spectrum corresponding to MFCC.

The differences in the average values of the three glottal flow parameters of the children’s and the

adults’ speech data used in this work can be understood by observing the distribution of the average

values of the OQ, RQ and SQ for both the adults’ training set ADtr and the children’s test set CHts1 as

shown in Figure 3.7, Figure 3.8 and Figure 3.9, respectively. It is noted that the mean values of all the

three glottal flow parameters for the adults’ training set ADtr are smaller than those for the children’s

test set CHts1. Since higher values of these parameters indicate more breathiness, as expected, children

have more breathiness in their speech than adults. Some changes have already been observed in the
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Figure 3.6: Plots of the original linear DFT spectrum along with the smoothed spectra corresponding to
MFCC features of a digit ‘OH’ signal with original and transformed values of (a) OQ (b) RQ (c) SQ.

smoothed Mel spectra corresponding to MFCC features of signals after transformation of their glottal

flow parameters to different values. Therefore, the effect of explicit normalization of these glottal flow

parameters for the children’s speech signals is further explored on their ASR performance.

3.2.4 Formant Frequencies

The differences in the vocal tracts across speakers cause changes in the formant locations and the

formant bandwidths in their speech spectrum [112]. In literature, the VTLN has been well explored

for reducing the mismatch due to differences in the formant frequencies between the adults’ and the

children’s speech for improving children’s ASR on adults’ speech trained models [6,30]. It diminishes

the effect of differences in the vocal tract length among different speakers by appropriately warping the

frequency axis of the speech spectrum during signal analysis [97]. As a result, the acoustic mismatch
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Figure 3.7: Distribution of average OQ of the original signals of (a) adults’ training set ADtr (b) children’s
test set CHts1.

between the test speech signal and the speech recognition models on account of the differences in the

formant frequencies of the test signal and the training set signals is reduced. Role of frequency warping
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Figure 3.9: Distribution of average SQ of the original signals of (a) adults’ training set ADtr (b) children’s
test set CHts1.

in reducing the mismatch in formant frequencies for two speakers can be understood by observing the

original smoothed Mel spectrum and those obtained after warping the frequency axis of the speech

spectrum by factors 0.88 and 1.12 for a central steady-state portion of vowel /IY/ having pitch value

of around 100 Hz as shown in Figure 3.10.
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Figure 3.10: Plots showing original and frequency warped smoothed Mel spectra for vowel /IY/ having pitch
value of around 100 Hz.
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3.3 Relative Significance of Various Acoustic Sources of Mismatch
for Children’s ASR

In the previous section, the effect of variations in various acoustic correlates of speech has been

noted on MFCC features and on the HMM-based ASR models. Also, the degree of differences in those

acoustic parameters existing between the adults’ training and the children’s test speech data that is

used in this work has been observed. Following those, in this section, the relative significance of each of

those acoustic sources of mismatches is explored for children’s speech recognition on the adults’ speech

trained models. The acoustic correlates explored in this study are the pitch, the speaking rate, the

formant frequencies and the glottal flow parameters (OQ, RQ and SQ). First, the study is performed

on a connected digit (limited vocabulary) recognition task and later, it is repeated for comparatively

a large vocabulary continuous speech recognition task. The databases used in this section for various

recognition experiments are described in Section 2.2.

To explore the relative significance of various acoustic correlates of speech for children’s ASR on the

adults’ speech trained acoustic models, the differences in those acoustic parameters of children’s speech

signals with respect to the adults’ training speech data set are explicitly normalized. To determine

the optimal value to which each of the acoustic correlates is to be transformed to, a ML grid search

is used. For instance, the optimal value of an acoustic correlate, say β̂, given its various transformed

values within the valid range, is estimated as:

β̂ = argmax
β

P (Xβ
i |λad,Wi) (3.2)

where, Xβ
i represents the feature corresponding to a particular value β of an acoustic correlate for

the ith children’s test speech utterance, λad represents the adults’ speech trained recognition model

and Wi represents the transcription of the ith utterance. The Wi is determined by doing a first-pass

recognition using original features (i.e., without transformation of the acoustic correlate) with respect

to the adults’ speech trained models. The use of the erroneous first-pass transcription, Wi, is definitely

a compromise with respect to using the true (reference) transcription. However, the use of the true

transcription for the normalization of the test data would not be valid and feasible in practical cases.

The average pitch of the signal, the signal duration and the glottal flow parameters of the signal

are transformed explicitly in the signal domain prior to feature computation whereas the formant

frequencies are modified in the feature domain as described in Chapter 2. In the following subsections,
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the experimental conditions and the results obtained after explicit normalization of each of these

acoustic correlates independently on both the connected digit recognition and the continuous speech

recognition tasks are described in detail.

3.3.1 Connected Digit Recognition Task

The adults’ speech trained models used in this study for the digit recognition task are developed

using the adults’ training set ADtr derived from the TIDIGITS corpus. The recognition performance

(in WER) for the adults’ test set ADts and the children’s test set CHts1 are 0.43% and 11.37%, respec-

tively. The recognition results obtained for children’s speech recognition after explicit normalization

of the various acoustic correlates of children’s speech are given in the following subsections.

3.3.1.1 Pitch

For explicit pitch normalization of the children’s test set CHts1, all children’s test speech signals are

transformed to seven different pitch values ranging from 70 Hz to 250 Hz in steps of 30 Hz using PSTS

method as described in Section 2.4.1.1. Such pitch range has been chosen based on the distribution

of average pitch of the signals of training set ADtr as shown in Figure 3.3(a). The average pitch of

a speech signal is estimated using the ESPS tool available in the Wavesurfer software package [88].

The quality of pitch transformation and signal reconstruction by PSTS method can be understood

by observing the spectrograms for a speech signal before and after its explicit pitch transformation.

Figure 3.11(a) and Figure 3.12(a) show the spectrograms and the contours of the first four formant

frequencies of two voiced portions corresponding two different words extracted from a speech signal of

the TIDIGITS database having an average pitch value of 200 Hz viz., ‘Three’ and ‘Four’, respectively.

The spectrograms and the contours of the first four formant frequencies of the two words ‘Three’ and

‘Four’ extracted from the speech signal after explicit transformation of its average pitch value to 130 Hz

are shown in Figure 3.11(b) and Figure 3.12(b), respectively. It is noted that after pitch transformation

by PSTS method only the pitch harmonics have significantly shifted to lower frequencies while the

overall variation in the formant structure of the signal is much smaller. This can be also validated

by observing the mean values of the first four formant frequencies for the two words before and after

explicit pitch transformation of the signal given in Table 3.2.

For determining the appropriate transformations of pitch values for each of the children’s test

speech signals, a ML grid search is done among the original signal and its seven pitch transformed
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Figure 3.11: Spectrogram of a voiced portion corresponding to word ‘Three’ extracted from a speech utterance
before and after explicit transformation of its average pitch value from 200 Hz to 130 Hz by PSTS method
(a) Original 200 Hz (b) Pitch transformed to 130 Hz. The red, green, blue and yellow line plots are the contours
of the first, second, third and fourth formants, respectively.

Figure 3.12: Spectrogram of a voiced portion corresponding to word ‘Four’ extracted from a speech utterance
before and after explicit transformation of its average pitch value from 200 Hz to 130 Hz by PSTS method
(a) Original 200 Hz (b) Pitch transformed to 130 Hz. The red, green, blue and yellow line plots are the contours
of the first, second, third and fourth formants, respectively.

versions similar to the one commonly used for ML-based speaker normalization [55]. The recognition

performances of the children’s test set CHts1 with and without explicit pitch normalization are given

in Table 3.3 along with their pitch group-wise breakup. To study the effect of the pitch mismatch of the

children’s test data with respect to the pitch range of the adults’ training data, the pitch groups of Fo <

250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo > 300 Hz are chosen for the children’s test set. The pitch group

Fo < 250 Hz matches with the pitch range of the adults’ training speech data. It is noted that explicit

pitch normalization of children’s speech results in 15% relative improvement in the ASR performance
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Table 3.2: Mean values of the first four formant frequencies for two different words extracted from a speech
signal of the TIDIGITS database before and after its explicit pitch transformation by the PSTS method.

Words

‘Three’ ‘Four’

Formants (in Hz) Formants (in Hz)

Condition First Second Third Fourth First Second Third Fourth

Original (Fo = 200 Hz) 426 1529 2178 3459 723 1262 2043 2907

Explicitly Pitch 475 1558 2167 3311 693 1274 2324 3189

Transformed to 130 Hz

for CHts1 test set. For test signals having average pitch value before transformation in the range of

Fo < 250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo > 300 Hz, a relative improvement of about 8%, 19% and

23% is obtained after explicit pitch normalization, respectively. Thus, consistent improvements are

noted for the different pitch groups i.e., higher pitch groups have greater improvements.

The improvements obtained with explicit pitch normalization can be further understood by ob-

serving the pitch distribution of the adults’ training set ADtr and the children’s test set CHts1 before

and after explicit pitch normalization as shown in Figure 3.3(a), Figure 3.3(b) and Figure 3.13, re-

spectively. It is noted that the mean of the pitch distribution of the children’s test set CHts1 has

shifted towards that of the adults’ training set ADtr after ML-based explicit pitch normalization.

Also, on comparing the means of the pitch distributions for different pitch groups of children’s test

Table 3.3: Performance for children’s test set CHts1 (with breakup for different pitch groups based on original
average pitch values) with and without explicit pitch normalization. The quantity in parentheses shows the
number of utterances in that group. The 95% confidence interval for the performance for CHts1 data set is
±0.39 [for Fo < 250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo > 300 Hz pitch groups ±0.39, ±0.79 and ±3.37,
respectively].

% WER

Condition All Fo < 250 Hz ≤ Fo Fo ≥

Fo Values 250 Hz < 300 Hz 300 Hz

(7,772) (5,224) (2,346) (202)

Baseline 11.37 6.54 17.47 39.03

Pitch Norm. 9.64 6.02 14.24 30.11
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Figure 3.13: Distributions of the average pitch of the signals of the children’s test set CHts1 after ML-based
explicit pitch normalization for all the three pitch groups (as defined in Figure 3.3(b) based on their original
pitch values) plotted separately.

set CHts1 before and after explicit pitch normalization, it is noted that the shift in the mean of the

pitch distribution is more for higher pitch group signals.

These improvements in the recognition performance of children’s speech with explicit pitch nor-

malization could be attributed to the reduction in the variances of the higher order MFCCs of the

children’s test speech signals with reduction in the average pitch values of the signals. As a result,

the MD for the children’s test signals with respect to the adults’ speech trained models is reduced

leading to better classification performance of the models for the children’s test speech as discussed in

Section 3.2.1. This is further supported by the improvements obtained in the children’s ASR perfor-

mance on adults’ speech trained models on applying variance normalization to 39-dimensional MFCC

features reported in [78].

3.3.1.2 Speaking Rate

For explicit normalization of the speaking rate of the children’s test set CHts1 according to that

of the adults’ speech trained models, the duration of the signals is reduced by factors ranging from

0.6 to 1.0 in steps of 0.05, thereby increasing the speaking rate of the signals by factors ranging from

1.0 to 1.65. The choice of such duration transformation factors is based on the distribution of the

speaking rate of the signals belonging to the adults’ training set as shown in Figure 3.5(a). Note that
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Table 3.4: Performance for children’s test set CHts1 with and without explicit normalization of different
acoustic correlates of speech. The 95% confidence interval for the performance for CHts1 data set is ±0.39.

Condition % WER

Baseline 11.37

Pitch Norm. 9.64

Speaking Rate Norm. 10.31

Open Quotient Norm. 11.32

Return Quotient Norm. 11.28

Speed Quotient Norm. 11.01

Formant Freq. Norm. 2.95

the average speaking rate of the signals on the digit recognition task is measured as the number of

syllables per second computed as the ratio of the number of syllables in an utterance to the total length

of the utterance. Each of the 11 digits constituting the training and test set utterances used in this

work, comprise of only 1 syllable except for the digits ‘zero’ and ‘seven’ which contain 2 syllables. For

determining the appropriate transformations of duration of each of the children’s test speech signals,

a ML grid search is done similar to the one commonly used for ML-based speaker normalization [55].

The recognition performances of the children’s test set CHts1 with and without explicit speaking

rate normalization are given in Table 3.4. It is noted that explicit speaking rate normalization re-

sults in a significant 9% relative improvement over the baseline performance. This improvement is

consistent with the results reported in literature obtained with explicit speaking rate normalization

for ASR of signals of mismatched speaking rate [59, 113]. The distributions of the speaking rate of

the adults’ training set ADtr and the children’s test set CHts1 before and after explicit speaking rate

normalization are shown in Figure 3.5(a), Figure 3.5(b) and Figure 3.14, respectively. On comparing

these distributions, it is noted that the mean speaking rate of the children’s test set CHts1 has been

transformed towards that of the adults’ training set ADtr after explicit speaking rate normalization.

Further, on comparing the log likelihoods of the signals from the children’s test set CHts1 on

the adults’ speech trained models before and after explicit speaking rate normalization, shown in

Figure 3.15, it is noted that the likelihood of all of the children’s speech utterances has increased after

explicit normalization of their speaking rate. This verifies the reduction in the earlier hypothesized

mismatch in the duration modeling of the children’s test set with respect to the adults’ speech trained

models.
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Figure 3.14: Distribution of average speaking rate of signals of the children’s test set CHts1 after explicit
speaking rate normalization.

3.3.1.3 Glottal Flow Parameters

For explicitly normalizing the variations in the glottal flow parameters of children’s test set CHts1

with respect to those of the adults’ training set ADtr, a ML grid search is performed to determine

the appropriate transformation for each of the three glottal flow parameters of each signal. The ML

grid search is done among the transformed versions of the signal with OQ, RQ and SQ of the signal

being modified by factors ranging from 0.55 to 1.0, 0.35 to 1.0 and 0.45 to 1.0 each in steps of 0.05,
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Figure 3.15: Log likelihood distribution of few utterances from the children’s test set CHts1 before and after
explicit speaking rate normalization on models trained with adults’ training set ADtr.
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respectively. The choice of such transformation factors for OQ, RQ and SQ modification is supported

by the studies done in literature which report that children’s speech have higher OQ, RQ and SQ values

than those of the adults’ speech [33,34,114]. The ASR performances for the children’s test set CHts1

with and without explicit normalization of the three glottal flow parameters are given in Table 3.4. It

is noted that no significant improvement is obtained over the baseline with explicit normalization of

any of these glottal flow parameters. Although, the glottal flow parameters have been found to be of

significance in case of one-to-one voice transformation [43,115] but in case of ASR, where the acoustic

models are trained using data from a large number of speakers, enough variations in the glottal flow

parameters are captured within the training data itself. As a result, a very little mismatch exists due

to differences in the glottal flow parameters between the adults’ training and the children’s test data.

The age group-wise distribution of the ML-based transformation factors chosen for explicit nor-

malization of OQ, RQ and SQ of the children’s test speech signals with respect to the adults’ speech

trained models are shown in Figure 3.16, Figure 3.17(a) and Figure 3.17(b), respectively. It is noted

that for explicit normalization of each of these glottal flow parameters, majority of the signals have

opted for no transformation across all age groups. Also, it is worth noting that all transformation

factors have been chosen by the signals of all age groups in similar proportion. Thus, there seems to

be very little correlation between the age and the glottal flow parameters (OQ, RQ, SQ).

3.3.1.4 Formant Frequencies

The variations in formant frequencies of the adults’ and the children’s speech occur due to differ-

ences in their vocal tract lengths which is usually modeled as a constant scaling of the resonant peaks

in the spectral domain. For explicitly normalizing the variations in the formant frequencies of the

signals of the children’s test set CHts1, a ML grid search is performed among features warped by 13

equally spaced warping factors ranging from 0.88 to 1.12 in steps of 0.02 for each signal as described

in Section 2.4.2. The ASR performances of the children’s test set CHts1 with and without VTLN are

given in Table 3.4. It is noted that VTLN results in a large relative improvement of 74% over baseline

for children’s ASR performance.

3.3.2 Continuous Speech Recognition Task

On observing the improvements obtained in the children’s ASR performance on a connected digit

recognition task by explicit normalization of various acoustic correlates of children’s speech given in

53

TH-1042_06610209



3. Role of Various Acoustic Sources of Mismatch in Children’s ASR

0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
0

500

1000

1500

2000

2500

OQ Transformation Factor

N
o
. 
o
f 
U

tt
e
ra

n
c
e
s

 

 

6−7 yrs

8−9 yrs

10−11 yrs

12−13 yrs

14−15 yrs

Figure 3.16: Age group-wise distribution of optimal OQ transformation factors chosen for the signals of the
children’s test set CHts1.

Table 3.4, it is noted that only the formant frequencies, the pitch and the speaking rate affect the

children’s ASR performance significantly. Thus, the effectiveness of explicit normalization of these

three acoustic sources only in improving the children’s ASR performance is further validated and
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Figure 3.17: Age group-wise distribution of optimal transformation factors chosen for the signals of the
children’s test set CHts1 for (a) RQ (b) SQ.
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Table 3.5: Performance for children’s test set PFts with and without explicit normalization of different acoustic
correlates of speech. The 95% confidence interval for the performance for PFts data set is ±1.37.

% WER

Baseline Explicit Normalization

Formant Frequencies Pitch Speaking Rate

56.34 26.78 53.72 54.27

quantified on comparatively a large vocabulary continuous speech recognition task. For continuous

speech recognition task, the adults’ speech trained models are developed using the adults’ training

set CAMtr. The recognition performance (in WER) for the adults’ test set CAMts and the children’s

test set PFts are 9.92% and 56.34%, respectively.

For VTLN, frequency warping factors ranging from 0.88 to 1.12 in steps of 0.02 are used for

each signal. For explicit pitch normalization, the average pitch of each test signal of PFts test set

is transformed to seven different pitch values ranging from 80-260 Hz in steps of 30 Hz. For explicit

speaking rate normalization, the duration of each test signal of PFts test set is transformed by factors

ranging from 0.5-1.0 in steps of 0.05. This range of values for pitch and duration modification was

chosen based on the average pitch and speaking rate distribution of the adults’ speech training set

CAMtr. Note that the average speaking rate of the signals is measured as the number of phones per

second. Given the various VTL normalized, pitch transformed, duration transformed versions within

the specified range, the optimal values for each test speech signal in each case are estimated using the

ML grid search in a similar manner as described above.

The recognition performances of the PFts test set with and without normalization of the formant

frequencies, the pitch and the speaking rate are given in Table 3.5. It is noted that after explicit

normalization of the formant frequencies, the pitch and the speaking rate the recognition performance

for children’s speech improves over baseline relatively by 52.5%, 4.7% and 3.7%, respectively. There-

fore, besides formant frequencies, the pitch is found to be the other major source of acoustic mismatch

which significantly affects the children’s ASR performance and is found to give consistent improvement

in the ASR performance after explicit normalization on both the connected digit and the continuous

speech recognition tasks.
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3.4 Combining VTLN and Explicit Acoustic Normalization with
Model Adaptation

In previous section, it is noted that independent normalization of various acoustic sources of mis-

match significantly improves the children’s speech recognition performance. In literature, the model

adaptation techniques viz., MLLR and CMLLR have also been reported for reducing or compensating

for acoustic variations induced by differences in the characteristics of the training and the test speak-

ers. However, these adaptation techniques employ linear transformations with no assumption about

the specific nature of acoustic mismatch being addressed. Since for all different sources of acoustic

mismatch between the adults’ and the children’s speech the linear transformation model may not be

appropriate, it would be better to compensate them explicitly. Motivated by this, the efficacy of ex-

plicit normalization of different acoustic correlates is explored in conjunction with MLLR and CMLLR

model adaptation techniques.

In order to explore the independent effect of explicit normalization of different acoustic correlates

on the means and the variances of the models, transformations of both means and variances of the

models are also learnt independently in addition to their combination. In MLLR adaptation method,

when the affine transformations are applied to the mean parameters of the models only it is referred

to as ’MLLR-MEAN’ and when the linear transformations are applied to the covariance parameters

of the models only it is referred to as ’MLLR-COV’. The recognition results for the original, the

explicitly pitch normalized and the explicitly speaking rate normalized CHts1 and PFts test sets on

the corresponding adults’ speech trained models with and without various model adaptation techniques

viz., MLLR-MEAN, MLLR-COV and CMLLR are given in Table 3.6 and Table 3.7, respectively. For

sake of comparison, the recognition results for the CHts1 and PFts test sets with VTLN both with

and without various model adaptation techniques viz., MLLR-MEAN, MLLR-COV and CMLLR for

the original children’s speech are also given in Table 3.6 and Table 3.7, respectively. It is to note that

all model adaptations and explicit acoustic normalization are applied only to the children’s test sets

in the manner as described in Chapter 2.

From Table 3.6, it is noted that for original children’s test set CHts1 relative improvements of

46.9%, 41.2% and 51.3% are obtained over baseline with MLLR-MEAN, MLLR-COV and CMLLR

model adaptations, respectively. Consistent relative improvements of 46.5%, 35.8% and 47.2% are

obtained for the explicitly pitch normalized test set CHts1 with MLLR-MEAN, MLLR-COV and
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Table 3.6: Performance for children’s test set CHts1 with and without explicit pitch and speaking rate
normalization, VTLN and model adaptation. The numbers given in parentheses are the relative improvements
(in %) obtained with respect to their corresponding baseline.

% WER

Condition Baseline MLLR-MEAN MLLR-COV CMLLR

Original 11.37 6.04 (46.9) 6.68 (41.2) 5.54 (51.3)

Formant Freq. Norm. 2.95 1.72 (41.7) 1.79 (39.3) 1.51 (48.8)

Pitch Norm. 9.64 5.16 (46.5) 6.19 (35.8) 5.09 (47.2)

Speaking

Rate Norm.
10.31 5.32 (48.4) 6.18 (40.1) 4.84 (53.1)

CMLLR, respectively. Consistent relative improvements of 48.4%, 40.1% and 53.1% are obtained for

the explicitly speaking rate normalized children’s test set CHts1 with MLLR-MEAN, MLLR-COV

and CMLLR adaptations, respectively. Similarly, from Table 3.7, it is noted that for original PFts

data set relative improvements of 28.3%, 23.2% and 32.1% are obtained over baseline with MLLR-

MEAN, MLLR-COV and CMLLR model adaptations, respectively. Consistent relative improvements

of 31.3%, 19.8% and 29.4% are obtained for the explicitly pitch normalized children’s test set PFts

with MLLR-MEAN, MLLR-COV and CMLLR adaptations, respectively. Consistent relative improve-

ments of 29.4%, 22.4% and 31.4% are obtained for the explicitly speaking rate normalized children’s

Table 3.7: Performance for children’s test set PFts with and without explicit pitch and speaking rate normal-
ization, VTLN and model adaptation. The numbers given in parentheses are the relative improvements (in %)
obtained with respect to their corresponding baseline.

% WER

Condition Baseline MLLR-MEAN MLLR-COV CMLLR

Original 56.34 40.38 (28.3) 43.26 (23.2) 38.25 (32.1)

Formant Freq. Norm. 26.78 20.66 (22.9) 19.42 (27.5) 18.63 (30.4)

Pitch Norm. 53.72 36.93 (31.3) 43.10 (19.8) 37.91 (29.4)

Speaking

Rate Norm.
54.27 38.31 (29.4) 42.14 (22.4) 37.24 (31.4)
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test set PFts with MLLR-MEAN, MLLR-COV and CMLLR adaptations, respectively. From these

results, it is noted that CMLLR gives the best ASR performance with maximum improvement over the

corresponding baseline among all the three model adaptation methods which is also consistent with

the literature. This observation is made for the original as well as the explicitly pitch normalized and

the speaking rate normalized children’s speech on both connected digit and continuous speech recog-

nition tasks. Similar observation is also made when the model adaptations are done over VTLN for

original children’s speech. Thus, the improvements obtained in the children’s ASR performance with

the existing model adaptation techniques are consistent even after explicit normalization of various

studied acoustic correlates for children’s speech.

Observing the relative improvements obtained with each of the model adaptation methods before

and after explicit pitch normalization, it is to note that though after explicit pitch normalization the

relative improvements obtained with each of the model adaptation techniques are reduced, greater re-

duction in the relative improvement is obtained for MLLR-COV and CMLLR than for MLLR-MEAN

on both tasks. This is attributed to the significant reduction in the variances of the features after

explicit pitch normalization as observed in Section 3.2.1 which thus, reduces the scope of improve-

ment with the model adaptations which transform the variances of the models. However, it is worth

noting here that further relative improvements of 14.6%, 7.3% and 8.1% are obtained on additionally

doing explicit pitch normalization for the children’s test set CHts1 over the performances obtained

with MLLR-MEAN, MLLR-COV and CMLLR, respectively. Similarly, for children’s test set PFts

further relative improvements of 8.5%, 0.4% and 0.9% are obtained on additionally doing explicit

pitch normalization over the performances obtained with MLLR-MEAN, MLLR-COV and CMLLR,

respectively.

Thus, additional improvements are obtained with explicit pitch normalization over those obtained

with existing linear transformation based model adaptation techniques which are attributed to the

fact that unlike in latter, with explicit pitch normalization the transformations are not constrained to

be linear.

3.5 Summary

In this chapter, the effect of differences in various acoustic sources of mismatch between the

adults’ and the children’s speech on MFCC features and HMM-based ASR models is explored. The
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various acoustic correlates that are studied in this work are the pitch, the speaking rate, the formant

frequencies and the glottal flow parameters (OQ, RQ, SQ). In addition to this, the relative significance

of each of these acoustic correlates is explored for children’s ASR on adults’ speech trained models

on both the connected digit recognition and the continuous speech recognition tasks. The salient

observations made in this chapter are:

• With increase in the pitch of the signals, the variances of the higher order coefficients of the

13-dimensional default base MFCC features are noted to increase significantly.

• The rate of speech of training data significantly affects the state-transition probabilities of the

HMM-based acoustic models. The adults’ speech trained models are noted to have lower self-loop

transition probabilities than those of the children’s speech trained models.

• Differences in the formant frequencies of adults’ and children’s speech appear as systematic

scaling of the smoothed Mel spectra corresponding to their MFCC features.

• It is found that, besides formant frequencies, the pitch is the other major source of acoustic

mismatch which significantly degrades the children’s ASR performance on adults’ speech trained

models.

• No significant effect of variations in glottal flow parameters is noted on the children’s ASR

performance on adults’ speech trained models.

• Consistent and significant improvement is obtained in the children’s ASR performance on both

the connected digit recognition and the continuous speech recognition tasks after explicit pitch

normalization of children’s speech.

• The improvement in children’s ASR performance with explicit pitch normalization is also found

to be additive to those obtained with the existing model adaptation techniques viz., MLLR and

CMLLR.

Observing the increase in the variances of higher order coefficients of MFCC features with increase

in the pitch of the signals, in the next chapter, the cause and the nature of the effect of pitch on

MFCC features is explored in detail.
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4. Effect of Pitch on MFCC Features

4.1 Introduction

In ASR, the objective is to recognize ‘what is spoken’ rather than ‘who has spoken’. As a result,

all features used for ASR aim at capturing only the vocal tract filter characterizing the phone and

discarding the speaker-dependent information like pitch harmonics [116,117]. It is well known that the

relevant information about the vocal tract filter is mainly encoded in the envelope of the short-time

speech spectrum [118]. One of the traditional features used in ASR employed LP analysis to capture

the smoothed speech spectral envelope. The resulting LPC were converted to cepstral coefficients for

employing the Euclidean distance measure and to decorrelate the feature coefficients [119]. In addition

to that, the smoothed spectrum is also derived by employing a filterbank either uniform or non-uniform.

To get the advantages of the cepstral representation, the filterbank energies are also further converted

to cepstral coefficients. The cepstrum allows the deconvolution of the periodic voiced excitation signal

from the effects of the vocal tract filter. Based on this, Noll in his pioneering work [120], proposed a

cepstral analysis based pitch estimation approach. Motivated by that, the cepstral smoothing using

a low-time lifter was explored by Schafer and Rabiner [121] for formant analysis. Following those

studies, all current cepstral features often use the low-time liftering in quefrency domain to capture a

smoothed spectral envelope devoid of the pitch-related information.

On the contrary, in [99], it has been reported that a limited amount of pitch information is

retained in MFCC features. Following it, the possibility of predicting the pitch of a signal and thus,

the feasibility of reconstructing a speech signal from its MFCC features has been explored. Also,

the improvement in the phone classification performance with pitch-dependent normalization of Mel

cepstrum has been reported in [100]. Similarly, in the previous chapter, we have also noted a significant

effect of pitch on MFCC features. Significant increase in the variances of the higher order MFCCs

has been observed with increase in the pitch of the speech signals. However, despite the filterbank

based spectral smoothing and cepstral truncation using a low-time lifter in quefrency domain, how

the effect of the pitch manifests in the MFCC features is not very obvious. Though in [116], Hunt has

briefly mentioned that MFCC features may get effected by pitch variations due to the use of the Mel

filterbank, but otherwise this issue has not been explained in detail in the literature. Motivated by

these, in this chapter, we attempt to explore the cause and the nature of the effect of pitch on MFCC

features.

The rest of the chapter is organized as follows: In Section 4.2, the roles of filterbank and cepstral
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truncation are studied in removing the pitch-related information from the uniform filterbank based

and the non-uniform Mel filterbank based spectra and their corresponding cepstra. The nature and the

effect of the pitch-dependent distortions appearing in the Mel spectral envelope on MFCC features are

explored in Section 4.3. Finally, the observations made in this chapter are summarized in Section 4.4.

The vowel speech data extracted from TIMIT corpus is used for the analysis in this chapter. To be

consistent with the other experiments reported in this thesis, the speech data used in this analysis is

also sampled to 8 kHz.

4.2 Effect of Uniform and Non-Uniform Filterbank on Pitch Har-

monicity

In this section, it is highlighted that the cepstral truncation using a low-time lifter is able to remove

the pitch-related information from a speech spectrum obtained using uniform filterbank based spectral

analysis only. To demonstrate this, the uniform filterbank based and the non-uniform filterbank based

spectra and their corresponding cepstra for central steady-state portions of vowels from low and high

pitch signals are considered. The average pitch of the signals is determined using the ESPS tool as

described in Section 2.2.

The uniform filterbank based spectrum is obtained by employing a uniform 30-channel triangular

filterbank while the non-uniform filterbank based spectrum is obtained by employing a 30-channel

triangular Mel filterbank (as per HTK implementation) on the 128-point linear DFT spectrum. The

30-channel filterbanks are used so that the pitch harmonicity, if present, could be observed in the

cepstra of the high pitch signals. The speech analysis for estimating the 128-point linear DFT spectrum

is done following the configuration described in Section 2.2. The corresponding cepstra for both the

uniform filterbank based spectrum and the Mel spectrum are computed by taking the discrete cosine

transform (DCT) of the log-compressed spectra.

4.2.1 Uniform Filterbank based Spectral Analysis

In this section, we demonstrate the roles of filterbank and cepstral truncation in removing the

pitch-related information from the uniform filterbank based speech spectra and their corresponding

cepstra for different pitch signals. The purpose of this demonstration is to provide a contrast to the

non-uniform filterbank based spectral analysis study discussed in the next section.

For sake of reference, the linear DFT spectra and their corresponding cepstra are first shown for
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Figure 4.1: Plots of the 128-point linear DFT spectra (left panel) and their corresponding cepstra (right panel)
for vowel /IY/ having pitch values of around (a) 100 Hz (typical value for male adults’ speech) (b) 300 Hz (typical
value for children’s speech). The peaks in the cepstra corresponding to the pitch harmonics are marked with
arrows. Note that for clarity the plots are shown excluding the C0 coefficient.

different pitch signals. The plots of the 128-point linear DFT spectra and their corresponding 128-

point cepstra for vowel /IY/ having pitch values of around 100 Hz (‘low’) and 300 Hz (‘high’) are

shown in Figure 4.1. It is noted that, as expected, the cepstra derived from the linear DFT spectra

exhibit peaks at the multiples of the pitch period of the corresponding speech frame in case of both

low and high pitch vowel frames. These periodic peaks appearing in the cepstra closely correspond to

the pitch harmonics observed in their corresponding linear DFT spectra.

In order to understand the effect of an explicit filterbank applied to a linear DFT spectrum on the

spectral analysis, we first explore a uniform filterbank applied to the linear DFT spectra of different

pitch signals. The plots of the 30-point uniform filterbank based spectra and their corresponding 30-

point cepstra for vowel /IY/ having pitch values of around 100 Hz (‘low’) and 300 Hz (‘high’) are shown

in Figure 4.2. It is to note that for low pitch vowel frame the uniform filterbank based spectrum is

completely smoothed out and correspondingly no pitch harmonicity is noted in its cepstrum. However,

the pitch harmonicity is clearly observed in the uniform filterbank based spectrum for high pitch vowel
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Figure 4.2: Plots of the 30-point uniform filterbank based spectra (left panel) and their corresponding cepstra
(right panel) for vowel /IY/ having pitch values of around (a) 100 Hz (b) 300 Hz. The arrow in the cepstrum
of the 300 Hz pitch signal shows the location of the first pitch harmonic.

frame. As a result, the uniform filterbank based cepstrum also exhibits the pitch harmonicity with

only observable peak corresponding to the first pitch harmonic occurring at the identical location as

that observed in the cepstrum derived from the linear DFT spectrum for high pitch vowel frame. In

case of low pitch vowel frame, the bandwidths of the filters are larger than the separation between

the pitch harmonics in the linear DFT spectrum while they are smaller in case of high pitch vowel

frame. This results in smoothing of the pitch harmonics in the linear DFT spectrum of low pitch

vowel frame while they are preserved in case of high pitch vowel frame. Thus, on account of uniform

filtering of the speech spectrum, the pitch harmonics in the resulting spectrum are either smoothed

out or their regularity is maintained. Correspondingly, the cepstrum also exhibits either no or similar

pitch harmonicity. Therefore, by truncating the uniform filterbank based cepstrum with a low-time

rectangular lifter having length lesser than the pitch period of the signal, the effect of pitch can be

removed from the cepstrum.
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4.2.2 Non-Uniform Filterbank based Spectral Analysis

To explore the effect of applying a non-uniform filterbank to a linear DFT spectrum for spectral

analysis, in this section we compare the smoothed Mel spectra and their corresponding cepstra obtained

using the non-uniform Mel filterbank for different pitch signals. The plots of the 30-point Mel spectra

and their corresponding 30-point cepstra for vowel /IY/ having pitch values of around 100 Hz (‘low’)

and 300 Hz (‘high’) are shown in Figure 4.3. It is noted that in case of low pitch signal, the Mel

spectral envelope closely follows the spectral envelope of the linear DFT spectrum with no significant

pitch harmonicity. Like Mel spectrum, the corresponding cepstrum for the low pitch signal also does

not appear to contain any pitch harmonicity. On the other hand, in case of the high pitch signal, some

distortions are noted in the Mel spectral envelope which appear to correspond to the pitch harmonics

present in the linear DFT spectrum of the high pitch signal. However, no such pitch-dependent

harmonicity is observed in the Mel cepstrum of the high pitch signal. Similar behavior is noted in the

default 21-channel Mel spectra and their corresponding cepstra for vowel /IY/ having pitch values of

around 100 Hz (‘low’) and 300 Hz (‘high’) also as shown in Figure 4.4.

For ASR, usually 13-D truncated base Mel cepstral features i.e., MFCC features (C0−C12) derived
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Figure 4.3: Plots of the 30-point Mel spectra (left panel) and their corresponding cepstra (right panel) for
central steady-state portions of vowel /IY/ having pitch values of around (a) 100 Hz (b) 300 Hz.
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Figure 4.4: Plots of the 21-point Mel spectra (left panel) and their corresponding cepstra (right panel) for
vowel /IY/ having pitch values of around (a) 100 Hz (b) 300 Hz.

from the 21-channel Mel filterbank are used for parameterizing a speech frame of 8 kHz sampling rate.

Truncation of cepstral features from 21 to 13 dimensions would result in additional smoothing of the

21-point Mel spectrum. Therefore, we further verify that whether the pitch-dependent distortions

observed in the Mel spectral envelope of the high pitch signal appear in the smoothed Mel spectral

envelope corresponding to the truncated 13-D MFCC features.

The smoothed Mel spectrum corresponding to the truncated 13-D Mel cepstrum is obtained by

computing an inverse discrete cosine transform (IDCT) of the 13-D Mel cepstrum (C0 − C12) after

appending zeros to the cepstrum. For better exposition of the details in the smoothed Mel spectrum,

115 zeros are appended to the 13-D Mel cepstrum to obtain a 128-point smoothed Mel spectrum

(referred to as ’Smoothed’). Figure 4.5 shows the plots of the signals and the 128-point smoothed

Mel spectra along with their corresponding linear DFT spectra for central steady-state portions of

vowel /IY/ having pitch values of around 100 Hz, 220 Hz and 300 Hz. It is to note that significant

pitch-dependent distortions appear in the smoothed Mel spectral envelope particularly at the lower

frequencies (below 1 kHz) for the 300 Hz pitch signal which are similar to those observed in case of

the 21-point Mel spectrum obtained as the output of the Mel filterbank for the high pitch signal in
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Figure 4.5: Plots of the signals and the 128-point smoothed Mel spectra (referred to as ’Smoothed’) along
with their corresponding linear DFT spectra for vowel /IY/ having pitch values of around (a) 100 Hz (b) 220 Hz
(c) 300 Hz.

Figure 4.4. On the other hand, no such pitch-dependent distortions are noted in the smoothed Mel

spectral envelope of the 100 Hz signal which rather appears to be sufficiently smoothed out similar

to the 21-point Mel spectrum of the low pitch signal noted in Figure 4.4. Further, on comparing the

128-point smoothed Mel spectra corresponding to signals having pitch values of around 100 Hz, 220 Hz

and 300 Hz, it is also noted that the extent of the pitch-dependent distortions along the frequency

range and their magnitude are increasing with increasing pitch of the signals.

In a Mel filterbank, the bandwidths of the filters are chosen to approximate the critical bandwidth

phenomena observed in the psychoacoustic studies for human auditory perception [2]. The comparison

of the center frequencies and the critical bandwidths for human auditory perception as proposed by

Zwicker [2] with those of the 21-channel Mel filterbank as per HTK implementation for 4 kHz signal

bandwidth are given in Table 4.1. The non-uniform filters in the Mel filterbank are intended to smooth

out the pitch harmonics in the linear DFT spectrum to capture the spectral envelope characterizing

the vocal filter in the resulting Mel spectrum. In case of low pitch signals, the Mel filterbank appears

68

TH-1042_06610209
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Table 4.1: The center frequencies and the critical bandwidths for human auditory perception as proposed by
Zwicker [2] and the center frequencies along with the corresponding bandwidths of all filters of a 21-channel
Mel filterbank as per the HTK implementation for 4 kHz signal bandwidth.

Critical Bandwidths 21-channel Mel filterbank

Filter Proposed by Zwicker as per HTK Implementation

No. Center Frequency Bandwidth Center Frequency Bandwidth

1 50 100 63.3 132

2 150 100 132.3 144

3 250 100 207.6 157

4 350 100 289.6 172

5 450 110 379.1 187

6 570 120 476.6 204

7 700 140 583.0 222

8 840 150 699.0 242

9 1000 160 825.5 264

10 1170 190 963.4 288

11 1370 210 1113.8 314

12 1600 240 1277.8 343

13 1850 280 1456.7 374

14 2150 320 1651.6 408

15 2500 380 1864.3 444

16 2900 450 2096.1 485

17 3400 550 2348.9 528

18 4000 700 2624.6 576

19 4080 900 2925.1 628

20 5800 1100 3252.9 685

21 7000 1300 3610.3 747

22 8500 1800 - -

23 10500 2500 - -

24 13500 3500 - -

to effectively smooth out the pitch harmonics as the bandwidth of the narrowest filter in the Mel

filterbank is also comparable to their pitch harmonic frequency. This can be further understood by

noting the center frequencies and the bandwidths of the filters of the 21-channel Mel filterbank for

4 kHz signal bandwidth given in Table 4.1. As a result, the Mel spectrum and the Mel cepstrum of
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the low pitch signal are also noted to contain no significant pitch harmonicity. However, in case of

high pitch signal, due to greater separation between the pitch harmonics the smoothing by the typical

non-uniform Mel filterbank is not as effective due to the bandwidths of some filters being lesser than

the pitch of the signal. This is attributed to cause the undesired pitch-dependent distortions in the

Mel spectral envelope in case of high pitch signals. The bandwidths of the filters in the Mel filterbank

increase with increasing center frequencies of the filters. This results in increase in the smoothing of

the pitch harmonics along the frequency in the spectrum. As a result, the pitch-dependent distortions

appear predominantly at low frequencies in the smoothed Mel spectral envelope of the high pitch

signals as shown in Figure 4.5.

The occurrence of the pitch-dependent distortions in the Mel spectral envelope for high pitch

signals due to insufficient smoothing of the pitch harmonics by the non-uniform Mel filterbank is also

validated using a synthetic example. The Mel spectra at the output of the Mel filterbank are computed

for synthetically generated pitch harmonic spectra corresponding to pitch values of 100 Hz, 200 Hz and

300 Hz without the effect of the vocal filter and are shown in Figure 4.6. The synthetic pitch harmonic

spectra are created by taking linear DFT of impulse trains of different pitch periods after windowing

them using Hanning window of 200 points (corresponding to 25 msec speech frame). It is to note that

pitch-dependent distortions appear in the Mel spectral envelope for pitch harmonic spectra of higher

frequency which increase with increase in the frequency of the pitch harmonic spectra. This verifies

that the pitch-dependent distortions appear in the Mel spectral envelope for high pitch signals only

due to the insufficient smoothing of the pitch harmonics by the Mel filterbank.

Despite the appearance of some pitch-dependent distortions in the low frequency region in the Mel

spectral envelope of high pitch real signal, the corresponding cepstrum does not appear to contain any

pitch-dependent harmonicity. This is attributed to the constant-Q type filters in the Mel filterbank.

The bandwidths of the Mel filters increase with increasing center frequencies of the filters. As a result,

the regularity of the pitch harmonics in the resulting spectrum is disturbed across the entire frequency

range. So, in the Mel filtered cepstra the pitch-related information does not get separated from the

effects of the vocal filter. Following these, we argue that the pitch-dependent distortions occurring in

the Mel spectral envelope would not show any pitch-dependent harmonicity in the Mel cepstrum but

would affect all cepstral coefficients. Therefore, the pitch-related information, if captured, can not be

extracted out completely from the Mel cepstrum by cepstral truncation.
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Figure 4.6: Plots showing 21-point Mel spectra (right panel) of the synthetically generated pitch harmonic
spectra (middle panel) corresponding to different pitch frequencies (a) 100 Hz (b) 200 Hz (c) 300 Hz. The
synthetic pitch harmonic spectra are created by taking linear DFT of impulse trains shown in corresponding
left panel. Note that the slope in the Mel spectra is on account of the outputs of the Mel filters not being
normalized by their corresponding areas.

4.3 Effect of Pitch-dependent Distortions on MFCCs

In this section, we explore in detail the nature of the effect of the pitch-dependent distortions

appearing in the 128-point smoothed Mel spectral envelope for high pitch signal noted in the previous

section on the 13-D truncated Mel cepstrum i.e., MFCC (C0 − C12). The 128-point smoothed Mel

spectra are computed from their corresponding 13-D truncated Mel cepstra for the central steady-

state portions of vowels extracted from low and high pitch signals as described in the previous section.

Figure 4.7 shows the plots of the 128-point smoothed Mel spectra for vowels /AE/ and /IY/ having

pitch values of around 100 Hz (‘low’) and 300 Hz (‘high’) and their corresponding 13-D truncated

MFCC.

The effect of the pitch-dependent distortions appearing in the smoothed Mel spectral envelope for

high pitch signals on their corresponding cepstra is noted by comparing the MFCCs of the high pitch
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Figure 4.7: Plots for vowels /AE/ and /IY/ having pitch values of around 100 Hz and 300 Hz (a) Smoothed
Mel spectra (b) 13-dimensional truncated MFCCs excluding C0 (c) relative change in each MFCC for the 300 Hz
pitch signal with respect to those for the 100 Hz pitch signal.

signals with those of the low pitch signals for same vowels. The relative changes in MFCCs for the

high pitch signals with respect to those for the low pitch signals are shown in the bottom panel in

Figure 4.7. It is noted that the relative change in MFCCs (C1 − C12) of high pitch signals is more

for higher order MFCCs in comparison to that in case of the lower order MFCCs in case of both

vowels. From physiological point of view, the higher pitch speech signals correspond to shorter vocal

tract lengths. So, the smoothed Mel spectra for the low and high pitch signals may appear to contain

some differences due to differences in the vocal tracts in the two cases. Therefore, the changes in the

MFCCs of high pitch signals with respect to those of low pitch signals can not be attributed only to

the argued pitch-dependent distortions appearing in the smoothed Mel spectral envelope in this case.

Thus, to study the effect of only the pitch-dependent distortions on MFCCs (C0 − C12), the 21-

dimensional MFCC features are computed by taking DCT of the 21-point Mel spectra of the synthetic

72

TH-1042_06610209



4.3 Effect of Pitch-dependent Distortions on MFCCs

0 2 4

−80

−60

−40

−20

0

Frequency (kHz)

M
a

g
n

it
u

d
e

 (
d

B
)

 

 

100 Hz Pitch

0 1 2 3
−40

−20

0

Frequency (kHz)

M
a

g
n

it
u

d
e

 (
d

B
)

0 10 20

−100

−50

0

Coefficient Index

M
a

g
n

it
u

d
e

0 2 4

−80

−60

−40

−20

0

Frequency (kHz)

M
a

g
n

it
u

d
e

 (
d

B
)

 

 

200 Hz Pitch

0 1 2 3
−40

−30

−20

−10

0

Frequency (kHz)
M

a
g

n
it
u

d
e

 (
d

B
)

0 10 20

−100

−50

0

Coefficient Index

M
a

g
n

it
u

d
e

0 2 4

−80

−60

−40

−20

0

Frequency (kHz)

M
a

g
n

it
u

d
e

 (
d

B
)

 

 

300 Hz Pitch

0 1 2 3
−40

−30

−20

−10

0

Frequency (kHz)

M
a

g
n

it
u

d
e

 (
d

B
)

0 10 20

−100

−50

0

Coefficient Index

M
a

g
n

it
u

d
e

(b)

(a)

(c)

Figure 4.8: Plots of the 128-point linear DFT spectra (left panel), 21-point Mel spectra (middle panel) and
their corresponding MFCCs excluding C0 (right panel) for the synthetically generated pitch harmonic spectra
having pitch frequency of around (a) 100 Hz (b) 200 Hz (c) 300 Hz.

pitch harmonic spectra corresponding to different pitch frequencies shown in Figure 4.6. The 21

MFCCs of the synthetic pitch harmonic spectra corresponding to pitch frequencies of around 100 Hz,

200 Hz and 300 Hz along with their corresponding linear DFT spectra and their Mel spectra are shown

in Figure 4.8. It is noted that as the pitch frequency is increasing, the pitch-dependent distortions

are increasing in the Mel spectra and correspondingly the dynamic range of all coefficients is also

increasing in their Mel cepstra.

Further, the relative change in each of the coefficients of MFCC features of the synthetic pitch

harmonic spectra corresponding to pitch frequency of 200 Hz and 300 Hz with respect to those of the

pitch harmonic spectra corresponding to pitch frequency of 100 Hz are shown in Figure 4.9. It is noted

that though due to variation in the pitch frequency all MFCCs are being affected, the relative change is

observed more in the higher order coefficients of MFCC features than the lower order MFCCs. As the

pitch frequency is increasing the dynamic range of the higher order MFCCs is increasing comparatively

more than that for the lower order MFCCs. It is interesting to note that these observations are also
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Figure 4.9: Plots showing the relative change in each MFCC (C1 −C20) for the synthetically generated pitch
harmonic spectra of different pitch frequencies with respect to those for the synthetic pitch harmonic spectrum
having pitch frequency of around 100 Hz (a) 200 Hz (b) 300 Hz.

made in context of the 13-D MFCC features (C0−C12) which have become de facto standard features

for all ASR systems. This observation is also consistent with the earlier observed greater relative

change in the higher order coefficients than the lower order coefficients of 13-D truncated MFCCs

(C0 − C12) of vowel /IY/ having pitch value of around 300 Hz in comparison to MFCCs for vowel

/IY/ having pitch value of around 100 Hz extracted from real signals.

Thus, the pitch-dependent distortions in the Mel spectral envelope of high pitch real signals affect

all MFCCs but relatively increase the magnitude of the higher order coefficients of 13-D MFCC

features to a larger extent in comparison to the lower order coefficients as noted in Figure 4.7. This is

attributed for the increase in the variances of the higher order coefficients of 13-D MFCC (C0 − C12)

with increase in the pitch of the signals as noted in Section 3.2.1.

It is already known that children’s speech have significantly higher pitch values in comparison to

those of adults’ speech. Children of age from 6-11 years have been reported to have pitch values in the

range from 250-350 Hz [27]. Thus, the observations made in the above studies for the 300 Hz pitch

signals (both real and synthetic) would be valid for children’s speech.

4.4 Summary

In this chapter, the effect of pitch on MFCC features is explored in detail to understand the cause

of increase in variances of higher order MFCCs with increase in the pitch of the signals as noted in

Section 3.2.1. In summary,
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4.4 Summary

• In ASR, cepstral truncation is employed for estimating the smoothed spectral envelope to derive

features for a speech signal. The cepstral truncation is able to remove pitch from the cepstrum

corresponding to a uniform filterbank based spectrum only.

• Due to insufficient smoothing of the pitch harmonics by the non-uniform Mel filterbank some

pitch-dependent distortions appear in the Mel spectral envelope for the high pitch signals.

• The pitch-dependent distortions observed in Mel spectral envelope for high pitch signals do not

show any corresponding pitch-dependent harmonicity in the Mel cepstrum.

• The pitch-related information can not be extracted out completely from the Mel cepstrum by

cepstral truncation.

• The pitch-dependent distortions affect all MFCCs (C0 − C12) but relatively cause increase in

the magnitude of the higher order coefficients to a larger extent in comparison to the lower

order coefficients. As a result, the dynamic range and in turn the variances of the higher order

coefficients of MFCC (C0 − C12) features increase with increase in the pitch of the signals as

noted in Section 3.2.1.

Motivated by the observed significant effect of pitch on the higher order coefficients of MFCC

features in case of high pitch signals, the pitch-robustness of other salient features used in ASR viz.,

PLPCC and PMVDR is studied in the next chapter to explore their efficacy for children’s speech

recognition on adults’ speech trained models.

75

TH-1042_06610209



4. Effect of Pitch on MFCC Features

76

TH-1042_06610209



5
Pitch-Robustness of Salient ASR

Features for Children’s ASR

Contents

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.2 Efficacy of PLPCC Features for Children’s ASR . . . . . . . . . . . . . . . 79

5.3 Children’s ASR using PMVDR Features . . . . . . . . . . . . . . . . . . . 86

5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

77

TH-1042_06610209
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5.1 Introduction

The most commonly used features for ASR are the MFCC features. Irrespective of the acoustic

characteristics of a speech signal, MFCC features are used to parameterize both adults’ and children’s

speech signals. However, the standard approach for MFCC feature extraction has in general been

optimized for adults’ speech. Since there are large differences in various acoustic correlates of speech

for adults’ and children’s speech, the default MFCC features used for adults’ ASR might not be

suitable for parameterizing children’s speech.

One of the earliest studies which explored different features for children’s ASR is reported in [48]. In

that study, the children’s ASR performances were computed using MFCC features and LPCC features

of different model orders. Though it was noted that children’s ASR performance improves using

LPCC features with lower model order, even greater improvement in the performance was observed

using MFCC features. Since then, predominantly the use of only MFCC features has been reported

in literature for children’s ASR on adults’ speech trained models as well. However, in Chapter 3, it

is noted that MFCC features are significantly affected by the pitch variations across speech signals,

especially in case of high pitch signals. This behavior is also experimentally verified later in Chapter 4.

As a result, significant degradation could occur in the children’s ASR performance on adults’ speech

trained models using MFCC features. In recent literature, the use of PLPCC and PMVDR features

has been reported for recognizing children’s speech on children’s speech trained models [11,63].

The PLPCC features are obtained through cepstral analysis of the perceptual linear prediction

(PLP) [122] coefficients. In PLP analysis of speech, a perceptually motivated filterbank similar to the

one applied in MFCC feature extraction is applied on the speech spectrum to smooth out the pitch

harmonics. Further, the cubic-root amplitude compression is done on the pre-emphasized critical band

spectrum to reduce the spectral amplitude variation. In [122], the PLP based spectral analysis has

been shown to give better modeling for children’s speech than LP based spectral analysis. Many studies

have reported either comparable or slightly better performance for adults’ ASR with PLPCC features

than that obtained with MFCC features under matched but clean condition while significantly better

under noisy condition [123–126]. The improvements in the ASR performances with PLPCC features

in comparison to MFCC features are mainly attributed to the reduction in the spectral amplitude

variation of the critical-band spectrum due to equal-loudness pre-emphasis and cubic-root amplitude

compression [122].
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On the other hand, in [127], the PMVDR features have been proposed based on the minimum

variance distortionless response (MVDR) [128] spectral analysis of speech. The PMVDR features

incorporate perceptual warping along with the MVDR spectral estimator. MVDR obtains the power

spectrum estimates by using data-dependent bandpass filters [129]. This helps the MVDR spectrum

to accurately model the peaks in the speech spectrum by successfully connecting the spectral peaks to

form the spectral envelope [128]. The MVDR spectrum is shown to provide better spectral modeling

compared to the LP spectrum especially for medium and high pitched speech signals [128]. MFCC

features have also been shown to give improved adults’ matched ASR performance using the MVDR

spectrum in comparison to that obtained using the DFT spectrum [130]. This is attributed to the use

of frequency-dependent and data-dependent bandpass filters used in MVDR based spectral analysis

unlike the DFT based analysis where fixed bandpass filters are used regardless of the characteristics

of the incoming signal. The MVDR spectral analysis based PMVDR features have also been reported

to give comparable or slightly better ASR performance than MFCC features (both DFT-based and

MVDR-based) for adults’ speech under matched but clean condition while significantly better under

noisy condition [127].

Motivated by these, in this chapter, we study the pitch-robustness of PLPCC and PMVDR fea-

tures to explore their efficacy for children’s speech recognition on adults’ speech trained models in

comparison to MFCC features. All speech recognition evaluations are demonstrated on a limited

vocabulary connected digit recognition task.

The rest of the chapter is organized as follows: In Section 5.2, the effect of pitch is explored on

PLPCC features while the pitch-robustness of PMVDR features is explored in Section 5.3 for children’s

speech recognition on adults’ speech trained models. Finally, the observations made in this chapter

are summarized in Section 5.4.

5.2 Efficacy of PLPCC Features for Children’s ASR

In this section, first the effect of pitch variations across speech signals is analyzed on PLPCC

features using TIMIT data in comparison to that noted in case of MFCC features in Section 3.2.1.

Then, to quantify the effect of pitch on PLPCC features in context of ASR, the recognition results are

evaluated using TIDIGIT corpus for children’s speech on adults’ speech trained models. In this study,

all PLPCC features are computed using the HTK toolkit [89]. The 13-dimensional (C0 − C12) base
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PLPCC features are derived using 12th order LP analysis and a 21-channel triangular Mel filterbank.

The LP order chosen for PLPCC feature extraction is consistent with the literature [131]. In addition

to the base features, their first and second order temporal derivatives, computed over a span of 5

frames, are also appended making the final feature dimension as 39. The PLPCC feature computation

process as proposed by Hermansky in [122] is described in detail in Appendix C. Cepstral mean

subtraction is applied to the features.

5.2.1 Effect of Pitch on PLPCC Features

The same set of speech frames from ‘low’ (100-125 Hz) and ‘high’ (200-250 Hz) pitch group speech

signals from the TIMIT database are selected which are used for analyzing the effect of pitch on

MFCC features in Section 3.2.1. The central steady-state portions of 7 different vowels present in the

different pitch group signals are extracted and their corresponding PLPCC features are computed.

Approximately, 2000 frames are used for each vowel. The plot of mean and the bar-plot showing

variance of each of the 12 static coefficients (C1 − C12) of PLPCC features of signals belonging to

low and high pitch groups for a representative vowel /IY/ are shown in Figure 5.1(a). For ease of

comparison, the plots corresponding to MFCC features for the same are shown in Figure 5.1(b). It is

noted that the variance of the higher dimensions of PLPCC features of the high pitch group signals

is significantly larger than that of the low pitch group signals as observed in case of MFCC features

in Section 3.2.1. However, the relative increase in the variances of the higher order coefficients of the

features with increase in the pitch of the signals is lesser in case of PLPCC features than in case of

MFCC features. The plot of mean and the bar-plot showing variance of each of the 12 static coefficients

(C1 −C12) of PLPCC features for 200-250 Hz pitch group signals before and after their average pitch

transformation by factor of 0.7 for vowel /IY/ are also shown in Figure 5.1(a). For ease of comparison,

the plots corresponding to MFCC features for the same are also shown in Figure 5.1(b). From these

plots, it is noted that on pitch reduction the variances of the higher dimensions of PLPCC features

also reduce considerably like in case of MFCC features as noted in Section 3.2.1.

In case of MFCC features, the increase in the variances of the higher order coefficients with increase

in the pitch of the speech signals is attributed to the occurrence of the pitch-dependent distortions

in the smoothed Mel spectral envelope. Therefore, the effect of pitch variations across speech signals

is further explored on the smoothed spectrum corresponding to PLPCC features. The smoothed

spectrum corresponding to PLPCC features is obtained by converting the cepstral coefficients to their
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Figure 5.1: Plots showing mean (left panel) and bar-plots showing variance (right panel) of each of the
coefficients (C1 − C12) of (a) PLPCC features and (b) MFCC features for signals of different pitch groups:
100-125 Hz, 200-250 Hz and 200-250 Hz transformed to 140-175 Hz for vowel /IY/.

corresponding LP coefficients and then obtaining the magnitude response of the all-pole filter for those

LP coefficients. Figure 5.2 shows the smoothed spectra corresponding to PLPCC features along with

the linear DFT spectra for central steady-state portions of vowel /IY/ having pitch values of around

100 Hz, 220 Hz and 300 Hz. Similar to the case of MFCC features, some pitch-dependent distortions

are noticed at lower frequencies (below 1.5 kHz) in the smoothed spectral envelope corresponding

to PLPCC features for 220 Hz and 300 Hz pitch signals when compared with that of the 100 Hz

pitch signal. The pitch-dependent distortions in the smoothed spectral envelope are also noted to

increase with increase in average pitch of signals. These pitch-dependent distortions in the smoothed

spectral envelope corresponding to PLPCC features are attributed to the earlier observed increase in

the variances of PLPCC with increasing pitch of the signals. The computation of PLPCC features

involves the same filterbank for perceptual warping [122] as used in the computation of MFCC features.

So, we hypothesize that the possible cause of the distortions in the smoothed spectral envelope in case

of PLPCC features is same as that attributed for MFCC features, i.e., the insufficient smoothing of

the pitch harmonics by the filterbank particularly at low frequencies by the lower order filters of the
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Figure 5.2: Plots of smoothed spectra corresponding to PLPCC features along with the linear DFT spectra
for vowel /IY/ having pitch values of around (a) 100 Hz (b) 220 Hz (c) 300 Hz.

filterbank having bandwidth of nearly 100 Hz only. However, on observing the dynamic range of the

pitch-dependent distortions in the smoothed spectral envelope, it is to note that the magnitude of the

pitch-dependent distortions in the smoothed spectral envelope corresponding to PLPCC features is

lesser than those observed in case of MFCC features. This is attributed to the relatively lesser increase

in the variances of higher order coefficients of PLPCC features with increase in pitch of the signals

than in case of MFCC features.

To quantify the degree of difference in the effect of pitch variations on PLPCC features in com-

parison to MFCC features, the MD [102] is measured for the PLPCC features of the original low and

high pitch group signals and the high pitch group signals with pitch transformed to 140-175 Hz pitch

range with respect to the distribution of PLPCC features of the 75-100 Hz pitch group signals. The

MD is computed for each PLPCC (C1 −C12) feature vector of all pitch groups using Eqn. 5.1 :

MD(x, µL) =
√

(x− µL)TΣ
−1
L (x− µL) (5.1)

where, x represents the PLPCC (C1 − C12) feature vector whose distance is to be computed. µL
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Table 5.1: Mean and variance of the squared Mahalanobis distances (MD) of the PLPCC (C1 − C12) and
MFCC (C1 − C12) (taken from Section 3.2.1 for ease of comparison) features of the original signals of 100-
125 Hz and 200-250 Hz pitch groups and the transformed signals with pitch transformation from 200-250 Hz to
140-175 Hz pitch range from the distribution of PLPCC features of 75-100 Hz pitch group signals for different
vowels.

Squared MD (Mean / Variance)

Pitch Group

Vowel Features 100-125 Hz 200-250 Hz 140-175 Hz

(Original) (Original) (Transformed from

original 200-250 Hz)

PLPCC 12.4 / 60.4 50.2 / 711.9 36.1 / 253.2
/AE/

MFCC 12.4 / 60.2 65.4 / 2553.1 35.3 / 282.7

PLPCC 13.5 / 69.5 43.6 / 509.7 36.7 / 253.5
/IY/

MFCC 13.5 / 85.3 59.2 / 1735.4 34.7 / 246.8

denotes the mean and ΣL denotes the diagonal-covariance of the distribution of PLPCC features of

75-100 Hz pitch group signals. The mean and variance of the squared MD of the different pitch group

signals for /AE/ and /IY/ vowels corresponding to PLPCC (C1−C12) features are given in Table 5.1.

From Table 5.1, it is noted that the mean and variance of squared MD of PLPCC features of the

high pitch group signals with respect to the 75-100 Hz pitch group distribution are significantly larger

than those in case of the low pitch group signals for both vowels. The larger mean and variance of

squared MD for the high pitch group signals indicates poor classification performance of the speech

recognition models trained on the 75-100 Hz pitch group signals for those signals which verifies the

impair effect of pitch on PLPCC features of high pitch group signals. However, the mean and variance

of squared MD of PLPCC features of the high pitch group signals are far lower than those of MFCC

features of those signals for both vowels. The ratio of variance of squared MD of PLPCC features

of vowel /AE/ from low and high pitch group signals turns out to be 11.9 while for MFCC features

it becomes as high as 42.5. Also, after explicit pitch reduction of the high pitch group signals to

140-175 Hz pitch range, the degree of reduction in the mean and variance of squared MD is more in

case of MFCC features in comparison to PLPCC features. For /AE/ vowel, the variance of squared

MD of PLPCC features of the high pitch group signals reduces by factor 3 after their pitch being

reduced by factor of 0.7 while in case of MFCC features it reduces greatly by a factor of 9.

Thus, in comparison to MFCC features, PLPCC features are little more pitch-robust and therefore,
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are effected by pitch variations to a comparatively lesser extent. The relatively lesser impact of pitch

differences on PLPCC features than MFCC features is hypothesized to be due to the incorporation of

the equal-loudness pre-emphasis and the cubic-root amplitude compression in PLPCC feature compu-

tation [122]. Motivated by this, we further explore the efficacy of PLPCC features for children’s ASR

performance in comparison to MFCC features.

5.2.2 Children’s Speech Recognition using PLPCC Features

The baseline recognition performance (in WER) of the connected digit recognizer on the adults’ test

set ADts for PLPCC features is 0.47% which is slightly inferior to the baseline performance of 0.43%

obtained with MFCC features for test set ADts. This trend in the adults’ matched ASR performances

with PLPCC and MFCC features is consistent with that already reported in [132]. For the children’s

test set CHts1, the baseline performances for PLPCC features as well as that for MFCC features

(for ease of comparison) are given in Table 5.2 along with a breakup for different pitch groups. The

average pitch (Fo) of the signals is estimated using the ESPS tool available in the Wavesurfer software

package [88] as described in Section 2.2. For children’s speech recognition on adults’ speech trained

models, a slightly better performance is obtained with PLPCC features in comparison to that with

MFCC features. This trend in the performances with PLPCC and MFCC features is consistent with

that reported in [133]. The slightly better children’s ASR performance with PLPCC in comparison to

MFCC features could be attributed to the incorporation of the equal-loudness pre-emphasis and the

Table 5.2: Performance for children’s test set CHts1 (with breakup for different pitch groups) with and without
pitch normalization for default PLPCC and MFCC (taken from Section 3.3.1.1 for ease of comparison) features.
The 95% confidence interval for the performance for CHts1 data set is ±0.39 [for Fo < 250 Hz, 250 ≤ Fo <
300 Hz and Fo ≥ 300 Hz pitch groups ±0.39, ±0.79 and ±3.37, respectively].

% WER

All Fo < 250 Hz ≤ Fo Fo ≥

Features Condition Fo Values 250 Hz < 300 Hz 300 Hz

(7,772) (5,224) (2,346) (202)

Baseline 10.61 6.70 15.52 33.09
PLPCC

Norm. 10.05 6.44 14.62 30.61

Baseline 11.37 6.54 17.47 39.03
MFCC

Norm. 9.64 6.02 14.24 30.11
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cubic-root amplitude compression in PLPCC feature computation which help reducing any acoustic

mismatch unlike MFCC features.

The children’s speech have much higher pitch values compared to those of the adult’s speech [27].

Motivated by the reduction in the variances of the features with reduction in the pitch of the signals as

observed in Section 5.2.1, the average pitch of the children’s speech signals of test set CHts1 is modified

towards the pitch range of the adults’ data of the training set ADtr using the PSTS [1] method

as described in Section 2.4.1.1 for reducing the pitch mismatch. For determining the appropriate

transformations of pitch values of each of the children’s test speech signals, a ML grid search is done

similar to the one commonly used for ML-based speaker normalization [55]. The 8-point grid search

for determining the optimal pitch value for the test signals involves the original signal and its seven

pitch transformed versions with transformed pitch values ranging from 70-250 Hz in steps of 30 Hz.

This range of transformed pitch values is chosen considering the pitch ranges of the adults’ training

sets and the children’s test sets. The speech recognition performances of the children’s test set CHts1

after explicit pitch normalization for PLPCC features and MFCC features (for ease of comparison)

are also given in Table 5.2 along with a breakup for different pitch groups. To study the effect of the

pitch mismatch of the children’s test data with respect to the pitch range of the adults’ training data,

the pitch groups of Fo < 250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo > 300 Hz are chosen for the children’s

test set. The pitch group Fo < 250 Hz matches with the pitch range of the adults’ training speech

data.

From Table 5.2, it is noted that the explicit pitch normalization has resulted in 5% relative im-

provement in children’s ASR performance with PLPCC features. This performance improvement with

pitch reduction is attributed to reduction of the pitch-dependent distortions in the smoothed spectral

envelope observed in previous section. On observing the pitch group-wise performances given in Ta-

ble 5.2, it is noted that with pitch normalization consistent improvements are obtained for different

pitch groups i.e., higher pitch groups show greater improvements for PLPCC features. However, it

is to note that after explicit pitch normalization the recognition performance obtained for children’s

speech using PLPCC features is slightly inferior with relatively lesser improvements for different pitch

groups in comparison to those in case of MFCC. This is attributed to the equal-loudness pre-emphasis

involved in PLPCC feature computation to approximate the nonequal sensitivity of human hearing at

different frequencies and to simulate the sensitivity of hearing at 40 dB level [122]. The approximation
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of the equal-loudness pre-emphasis function is given in Eqn. 5.2.

E(ω) = [(ω2 + 56.8× 106)/ω4]/[(ω2 + 6.3 × 106)2 × (ω2 + 0.38× 109)] (5.2)

The pre-emphasis function deemphasizes the 0.4-1.2 kHz spectral region by 6dB compared to the

1.2-3.1 kHz spectral region. Though it significantly reduces the effect of pitch-dependent variations

(appearing mainly below 1.5 kHz), this may also lead to de-emphasis of the relevant spectral infor-

mation which becomes more obvious when the test data is explicitly pitch normalized or devoid of

significant pitch differences. This is attributed to the comparatively lesser improvement in children’s

ASR performance for Fo < 250 Hz pitch group signals in comparison to higher pitch group signals

after explicit pitch normalization of children’s speech with PLPCC features. The above fact is also

supported by an earlier observation that with no significant pitch differences between training and

test sets, the performance of the adults’ test set is found to be slightly inferior for PLPCC features

compared to that for MFCC features.

5.3 Children’s ASR using PMVDR Features

In this study, the ‘default’ base PMVDR features are computed using LP analysis of order 20

chosen after extensive search on adults’ test set. The chosen LP order of 20 is consistent with the one

reported in [127]. A perceptual warp factor of 0.31 is used for computation of all PMVDR features.

The 13-dimensional PMVDR features consist of C1 − C12 coefficients augmented with normalized

log frame energy. In addition to the base features, their first and second order temporal derivatives,

computed over a span of 5 frames, are also appended making the final feature dimension as 39. Cepstral

mean subtraction is also applied. All PMVDR features in this work are computed using the SONIC

toolkit [134]. The step-by-step procedure for computing PMVDR features as proposed by Yapanel

et.al. in [127] is described in Appendix D.

The recognition performance (in WER) of the connected digit recognizer on the adults’ test set

ADts for the default PMVDR features is 0.45% which is comparable to the performance of 0.43%

obtained with the default MFCC features in Section 3.3.1. The slight degradation in the performance

with PMVDR features in comparison to MFCC features could be due to the unequal distribution of

male and female speakers in the adults’ training set ADtr and adults’ test set ADts. This is hypothe-

sized observing the differences in the performances for male and female speech with PMVDR features
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Table 5.3: Performance for children’s test set CHts1 (with breakup for different pitch groups) with default
PMVDR and MFCC features with and without explicit pitch normalization of children’s speech.

% WER

All Fo < 250 Hz ≤ Fo Fo ≥

Features Condition Fo Values 250 Hz < 300 Hz 300 Hz

(7,772) (5,224) (2,346) (202)

Baseline 11.57 7.54 16.46 36.93
PMVDR

Norm. 11.03 7.41 15.25 35.69

Baseline 11.37 6.54 17.47 39.03
MFCC

Norm. 9.64 6.02 14.24 30.11

and MFCC features under clean condition as reported in [127]. For children’s speech recognition,

the baseline performances for the children’s test set CHts1 using default PMVDR features and MFCC

features (for ease of comparison) are given in Table 5.3 along with a breakup for different pitch groups.

On comparing the performances with both default PMVDR features and MFCC features, it is noted

that, unexpectedly, the performance with default PMVDR features is slightly inferior to that using

MFCC features for overall children’s test set CHts1. However, on comparing the pitch group-wise per-

formances it is noted that though for signals with pitch values greater than 250 Hz PMVDR features

perform better than MFCC features, for signals belonging to pitch group of less than 250 Hz PMVDR

features perform significantly inferior to MFCC features.

In order to assess the pitch-robustness of the default PMVDR features in comparison to that

of MFCC features, the children’s ASR performances are evaluated after explicit pitch normalization

of children’s speech. The average pitch of each of the children’s speech signals of test set CHts1 is

explicitly modified towards the pitch range of the adults’ training set ADtr using PSTS method [1]

as described in Section 2.4.1.1 for reducing the pitch mismatch. For determining the appropriate

transformations of pitch values of each of the children’s test speech signals, a ML grid search is done

as described in Section 5.2.2. The speech recognition performances of the children’s test set CHts1

after explicit pitch normalization for PMVDR features and MFCC features (for ease of comparison)

are also given in Table 5.3 along with a breakup for different pitch groups. It is noted that relative

improvements of 4.6% and 15% are obtained in ASR performance for children’s test set CHts1 after

explicit pitch normalization of children’s speech with default PMVDR and MFCC features, respec-

tively. However, the children’s ASR performance obtained with PMVDR features after explicit pitch
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Figure 5.3: Plots for vowel /IY/ having pitch value of around 300 Hz (a) Linear DFT spectrum (b) Smoothed
spectra corresponding to PMVDR features computed using various values of LP order.

normalization of children’s speech is significantly inferior to that obtained in case of MFCC features

across all pitch groups.

Motivated by the inferior performance of the default PMVDR features in comparison to the default

MFCC features for children’s ASR both with and without explicit pitch normalization, we further

explore PMVDR features for children’s speech recognition. It has already been shown in [128] that a

speech signal having lesser number of pitch harmonics requires lower LP model order for MVDR-based

spectral envelope estimation. In order to understand the effect of LP model order on the spectra

corresponding to PMVDR features for high pitch signals, the smoothed spectra corresponding to

PMVDR features of different LP orders for vowel /IY/ having pitch value of around 300 Hz are shown

in Figure 5.3. The smoothed spectrum corresponding to PMVDR features is derived by computing

a 128-point IDCT of the 13 base feature coefficients. It is noted that as the LP order decreases the

spectral envelope corresponding to PMVDR features becomes smoother. Since children’s speech have

much higher pitch values than those of adults’ speech, it is worth exploring the efficacy of PMVDR

features computed using LP orders lower than those used in case of adults’ speech for children’s speech.

The speech recognition performances of the baseline adults’ speech trained models are evaluated for

children’s test set CHts1 using PMVDR features corresponding to different LP orders varying from

10 to 25 in steps of 5 for children’s speech and are given in Table 5.4.
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Table 5.4: Performances for children’s test set CHts1 (with breakup for different pitch groups) with PMVDR
features corresponding to various values of LP orders.

% WER

All Fo < 250 Hz ≤ Fo Fo ≥

LP Order Fo Values 250 Hz < 300 Hz 300 Hz

(7,772) (5,224) (2,346) (202)

10 9.52 6.60 13.18 26.52

15 9.34 5.92 13.59 29.86

20 11.57 7.54 16.46 36.93

25 13.90 9.35 19.59 40.52

From Table 5.4, it is observed that the best recognition performance for overall children’s test set

CHts1 with PMVDR features is obtained for LP order of 15 which is 19% relative improvement over

that of the default PMVDR features. Further on looking the pitch group-wise performances, it is

noted that this significant improvement with reduction in the LP order is a result of the improvement

across all pitch ranges. Also, it is worth noting that the best performances for below and above

250 Hz pitch group signals correspond to a lower LP order of 15 and 10, respectively. Therefore,

for children’s speech PMVDR features should be computed with LP order lower than that used for

adults’ speech. This improves the performance of children’s ASR performance using PMVDR features

by reducing the spectral mismatch between adults’ and children’s speech spectra due to differences in

their pitch harmonics. Taking into fact that both adults’ training and test sets have unequal number

of utterances from male and female speakers, the slight degradation in the baseline ASR performance

for adults’ test set using PMVDR features in comparison to MFCC features could also be attributed

to the slightly improper choice of LP order of 20 for PMVDR feature computation. Henceforth, the

features computed using LP order of 15 are referred to as the ‘optimized’ PMVDR features.

Further, to assess the pitch-robustness of the optimized PMVDR features, children’s ASR perfor-

mance is evaluated on adults’ speech trained models after explicit pitch normalization of children’s

speech and are given in Table 5.5 along with the pitch group-wise breakup. It is noted that no signifi-

cant improvement is obtained in the children’s ASR performance after explicit pitch normalization of

children’s speech with optimized PMVDR features for any pitch group signals. This shows that with

suitable optimization of model order PMVDR features are more pitch-robust in comparison to default
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5. Pitch-Robustness of Salient ASR Features for Children’s ASR

Table 5.5: Performances for children’s test set CHts1 (with breakup for different pitch groups) using optimized
PMVDR features and default MFCC features with and without explicit pitch normalization of children’s test
speech.

% WER

All Fo < 250 Hz ≤ Fo Fo ≥

Features Condition Fo Values 250 Hz < 300 Hz 300 Hz

(7,772) (5,224) (2,346) (202)

Optimized w/o Norm. 9.34 5.92 13.59 29.86

PMVDR w/ Norm. 9.23 5.92 13.27 29.62

MFCC w/ Norm. 9.64 6.02 14.24 30.11

MFCC features. However, on comparing the children’s ASR performance obtained using the optimized

PMVDR features for children’s speech and that obtained using default MFCC features after explicit

pitch normalization of children’s speech given in Table 5.5, it is noted that comparable performances

are obtained in both cases across all pitch groups. The slight differences in their performances could

be attributed to the difference in the smoothing effected by the implicit (constant bandwidth) and

explicit (constant-Q) filterbank in PMVDR features and MFCC features, respectively. It is also worth

noting here that, the number of operations in computation of PMVDR features are twice that for

MFCC feature computation (see Table 5 in [127]).

5.4 Summary

In this chapter, the effect of pitch variations is analyzed on other salient features used in ASR viz.,

PLPCC and PMVDR features to explore their efficacy for children’s ASR on adults’ speech trained

models in comparison to MFCC features. The salient observations made from this study are:

• Similar effect of pitch variations is observed on PLPCC features as that noted in case of MFCC

features but to a comparatively lesser extent. As a result, PLPCC features give slightly better

baseline ASR performance for children’s speech than MFCC features.

• After explicit pitch normalization of children’s speech, PLPCC features are found to give com-

paratively poor children’s ASR performance than MFCC features. This is attributed to the

equal-loudness pre-emphasis incorporated in the PLPCC feature computation.
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5.4 Summary

• PMVDR features are found to be more pitch-robust than MFCC features after suitable opti-

mization of model order for PMVDR feature computation.

• The children’s ASR performance obtained using optimized PMVDR features for children’s speech

is found to be comparable to that obtained with MFCC features after explicit normalization of

children’s speech.

• Similar to PMVDR features, in case of PLPCC features also we expect to get improvement in

the children’s ASR performance by lowering the LP analysis order. This has already been noted

by Hermansky in [122].

It is already reported in literature, PMVDR feature computation requires twice the number of

operations compared to that for MFCC features. Motivated by these, in the following chapters we

explore appropriate modifications for MFCC feature computation for improving children’s speech

recognition on adults’ speech trained models without explicit pitch normalization of children’s speech.
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6. Pitch Normalization by Filterbank Modification

6.1 Introduction

In Section 3.3, it is found that besides formant frequencies, pitch is the other major source of

acoustic mismatch leading to significant degradation in the children’s ASR performance on the adults’

speech trained models. It is noted that significant improvement is obtained in children’s ASR perfor-

mance with explicit ML-based pitch normalization of children’s speech using MFCC features. However,

ML-based pitch normalization of the speech signals by explicitly transforming the pitch of the signals

to various values in time domain is a computationally expensive procedure and its performance is also

subject to the accuracy of the pitch marks. Therefore, in this chapter, an automatic algorithm is

proposed for computing the pitch normalized MFCC features rather than doing ML grid search over

various features derived after explicit pitch transformation in signal domain for children’s speech.

For speaker recognition, where it is important to capture the pitch-related information, some stud-

ies have already reported improvements in the performances by reducing the bandwidths of the filters in

the Mel filterbank for MFCC feature extraction [135–137]. In Chapter 4, it has been shown that some

pitch-dependent distortions appear in the smoothed Mel spectral envelope corresponding to MFCC

features for high pitch signals. These pitch-dependent distortions are attributed to the insufficient

smoothing of the pitch harmonics in the speech spectrum by the non-uniform Mel filterbank particu-

larly by the lower order filters of the filterbank. On account of the constant-Q type Mel filterbank used

in MFCC feature computation, there in no harmonicity in the pitch-dependent distortions appearing

in the Mel spectrum. As a result, no harmonicity appears in the Mel cepstrum corresponding to those

pitch-dependent distortions. Thus, the effect of these pitch-dependent distortions appears on all Mel

cepstral coefficients and can not be eliminated completely by cepstral truncation. Motivated by that,

the pitch normalization method proposed in this chapter aims at improving the spectral smoothing

to reduce the pitch-dependent distortions appearing in the smoothed Mel spectral envelope. The pro-

posed algorithm involves utterance-specific modification of the Mel filterbank structure by increasing

the bandwidths of the filters of the filterbank during MFCC feature extraction for each children’s test

speech signal.

The proposed modification in the bandwidths of the filters of the Mel filterbank for pitch normal-

ization can also be supported by observing the spectra for different orders of the LP model chosen in

case of PMVDR features as shown earlier in Figure 5.3. In PMVDR feature extraction, the model

order governs the length of the filter used for estimation of the MVDR spectrum. The reduction of
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6.2 Mel Filterbank Modification for Pitch Normalization

model order reduces the length of the corresponding filter and, therefore, its bandwidth increases. As

a result, the smoothing in the estimated spectrum is increased, thereby reducing the effect of pitch

harmonics in speech spectrum on the resultant PMVDR features. From these insights, we explore

modifications in the Mel filterbank involved in the computation of MFCC features to effect more

smoothing in the resulting spectrum so as to reduce the effect of high pitch in children’s speech signals

on their recognition performance.

The rest of this chapter is organized as follows: In Section 6.2, two ways of modification of Mel

filterbank for the intended pitch normalization are discussed. Subsequently, in Section 6.3, a filter-

bank based pitch normalization algorithm is proposed. The combination of the proposed algorithm

with VTLN and CMLLR are explored in Section 6.4. Finally, the work presented in this chapter in

summarized in Section 6.5.

6.2 Mel Filterbank Modification for Pitch Normalization

In this section, normalization of the pitch differences across speech signals by spectral smoothing

as effected by increasing the bandwidths of the filters of the Mel filterbank used for MFCC feature

computation is explored. Two different approaches are discussed for modification of bandwidths of

the filters in the filterbank viz., implicit modification of bandwidths of all filters by modifying the

number of overlapping triangular filters in the filterbank and selective modification of bandwidths of

the filters in the filterbank.

6.2.1 Implicit Modification of Filter Bandwidths

In MFCC feature computation, the filterbank consists of triangular filters having non-uniform

bandwidths with 50% overlapping. In this work, the features are computed using HTK toolkit [89]

which simplifies design of the non-uniform filterbank by setting up a uniform filterbank with chosen

number of filters in filterbank in the Mel domain and then maps it back to the linear frequency domain.

The effect of reducing the number of filters on the center frequencies and the bandwidths of the filters

in the Mel filterbank is shown in Table 6.1. It is noted that as the number of filters in the filterbank

are reducing, the spacing between the center frequencies of all filters and henceforth the bandwidths

of all filters are increasing. The effect of implicitly increasing the bandwidths of the filters in Mel

filterbank by reducing the number of filters in filterbank on the spectral smoothing can be understood

by observing the smoothed spectra corresponding to MFCC features computed with different number
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6.2 Mel Filterbank Modification for Pitch Normalization
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Figure 6.1: Plots for vowel /IY/ having pitch value of around 300 Hz (a) Linear DFT spectrum (b) Smoothed
Mel spectra computed using various number of filters in the Mel filterbank.

of filters in the filterbank for vowel /IY/ having pitch value of around 300 Hz as shown in Figure 6.1.

It is noted that greater smoothing is obtained as the number of channels (filters) in the filterbank are

reduced compared to that in case of the default 21-channel filterbank.

Motivated by that, in this section, we explore the effect of spectral smoothing as effected by

implicitly increasing the bandwidths of all filters by reducing the number of filters in the filterbank on

the children’s ASR performance. The recognition experiments are performed using modified MFCC

features due to use of different number of channels in the filterbank for children’s speech on the acoustic

models trained with default MFCC features for adults’ speech. The ten different values chosen for the

number of filters in the filterbank for MFCC feature computation of children’s speech range from 12

to 21 in steps of 1. The number of filters are reduced only up to 12 in order to keep the number of

coefficients in base MFCC feature vectors same for both adults’ training data and children’s test data.

The speech recognition performances of the children’s test sets on both the connected digit recognition

task and the continuous speech recognition task corresponding to various number of filters in the Mel

filterbank for MFCC feature computation along with their breakup for different pitch groups are given

in Table 6.2. The average pitch (Fo) of the signals is estimated using the ESPS tool available in the

Wavesurfer software package [88] as described in Section 2.2. To study the effect of the pitch mismatch

of the children’s test data with respect to the pitch range of the adults’ training data, the pitch groups

of Fo < 250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo > 300 Hz are chosen for the children’s test set. The
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6. Pitch Normalization by Filterbank Modification

Table 6.2: Performances for children’s test sets CHts1 (on connected digit recognition task) and PFts (on
continuous speech recognition task) with MFCC features computed using various number of filters in the Mel
filterbank along with their pitch group-wise breakup. The 95% confidence interval for the performance for
CHts1 data set is ±0.39 [for Fo < 250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo > 300 Hz pitch groups ±0.39, ±0.79
and ±3.37, respectively] and for PFts data set is ±1.37 [for Fo < 250 Hz, 250 Hz ≤ Fo < 300 Hz and Fo >
300 Hz pitch groups ±1.80, ±1.83 and ±1.61, respectively].

% WER

CHts1 PFts

No. of All Fo < 250 Hz ≤ Fo Fo ≥ All Fo < 250 Hz ≤ Fo Fo ≥

filters in Fo Values 250 Hz < 300 Hz 300 Hz Fo Values 250 Hz < 300 Hz 300 Hz

filterbank (7,772) (5,224) (2,346) (202) (129) (63) (54) (12)

Default (21) 11.37 6.54 17.47 39.03 56.34 33.05 77.25 102.69

20 11.06 6.20 17.31 37.55 56.78 33.89 76.46 106.60

19 10.50 6.05 16.30 34.20 56.74 35.75 74.88 101.96

18 10.14 6.13 15.24 32.71 57.02 35.87 74.43 106.85

17 10.08 6.10 14.98 33.95 57.94 37.65 76.01 99.02

16 10.05 6.52 14.39 31.47 59.58 38.87 77.94 101.96

15 10.09 6.61 14.45 30.48 61.83 44.87 76.60 97.80

14 10.20 6.84 14.28 31.23 65.96 50.84 79.37 96.82

13 11.24 7.96 15.28 31.23 69.67 53.95 84.55 97.07

12 13.34 9.77 17.73 35.07 81.47 68.47 93.58 105.13

pitch group Fo < 250 Hz matches with the pitch range of the adults’ training speech data.

From Table 6.2, it is to note that the changes in the speech recognition performances obtained

by reducing the number of filters in the Mel filterbank are consistent with those reported in [123].

On analyzing the ASR performances of the children’s test sets on both recognition tasks, it is noted

that although a 11% relative improvement is obtained over baseline using 16 filters in the filterbank

for MFCC feature computation for the children’s test set CHts1 on the connected digit recognition

task, no improvement in the overall performance is obtained by reducing the number of filters in the

filterbank for MFCC feature computation for the children’s test set PFts on the continuous speech

recognition task. Also, significantly lesser relative improvements are obtained for all pitch groups

with no improvement in case of less than 250 Hz pitch group on the continuous speech recognition

task in comparison to those obtained on the connected digit recognition task. These inconsistent

improvements across different pitch group children’s speech signals are attributed to the fact that all

filters used in the filterbank are constant-Q filters.

Modifying the number of filters in the Mel filterbank results in non-uniform modification of the
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6.2 Mel Filterbank Modification for Pitch Normalization

bandwidths of all filters in the filterbank as shown in Table 6.1. The ratio of increase in the bandwidth

of the first filter on reducing the number of filters in the Mel filterbank from 21 down to 12 is 1.8

while for the twelfth filter it is 3.5. Greater increase is noted in the bandwidths for the higher order

filters than for the lower order filters with reduction in the number of filters in Mel filterbank. This

leads to change in the degree of smoothing of the speech spectrum over the entire frequency range.

It is already noted in Section 4.2 that the pitch-dependent distortions occur mainly in the lower

frequency range in the smoothed Mel spectral envelope. Therefore, modifying the bandwidths of all

filters in the filterbank implicitly by reducing the number of filters in the filterbank causes under- or

over-smoothing of the speech spectrum in some frequency ranges and thereby increasing the pitch-

dependent distortions in the smoothed spectral envelope or leading to the loss of spectral information.

This can be further understood by observing the smoothed spectra corresponding to MFCC features

computed using different number of filters in the Mel filterbank for vowel /IY/ having pitch value of

around 300 Hz shown in Figure 6.1. It is noted that though the degree of spectral smoothing increases

as the number of filters in the filterbank reduce, the smoothing is effected over the complete speech

spectrum irrespective of the location of the pitch-dependent distortions in the spectral envelope.

6.2.2 Selective Modification of Filter Bandwidths

As already noted in Section 4.2, the pitch-dependent distortions in the smoothed Mel spectral

envelope appear predominantly below 1 kHz for high pitch signals. It is also argued that the possible

cause for that is the insufficient smoothing of the pitch harmonics by the lower order filters in the Mel

filterbank which have typical bandwidths of around 100 Hz. Based on this, it is hypothesized that for

pitch normalization it would be advantageous to modify the bandwidths of only the lower order filters

in the filterbank. Therefore, in this section, spectral smoothing as effected by selective modification

of the bandwidths of only the selected filters in the filterbank is explored.

First, the bandwidth of all filters having the center frequencies lower than 1 kHz in the default Mel

filterbank are modified to various constant bandwidth values as illustrated in Figure 6.2. Motivated

by the possible variation in the average pitch values across the speakers, the bandwidth of all filters

having the center frequencies below 1 kHz are modified to nine different constant bandwidth values

in the range of 100-500 Hz in steps of 50 Hz. The impact of modifying the bandwidth of all filters

having center frequency below 1 kHz to different values on the smoothed Mel spectrum for vowel

/IY/ having average pitch value of around 300 Hz is shown in Figure 6.3. It is noted that greater
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Figure 6.2: Structures of the Mel filterbank (a) Default (b) Modified. In the modified filterbank the bandwidth
of all filters having center frequency below some particular frequency value (say 1 kHz) are modified to have a
constant value whereas those of the other filters remain unchanged.

smoothing is obtained as the bandwidth of the filters is increased, thus, reducing the pitch-dependent

distortions. On the other hand, expectedly, the pitch-dependent distortions are further enhanced when

the bandwidth of the filters is lowered compared to the default filterbank case. In order to study the

impact of such filterbank based spectral smoothing on the recognition performance, the bandwidth

of the filters having center frequency below 1 kHz in the filterbank are modified during the MFCC
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Figure 6.3: Plots for vowel /IY/ having pitch value of around 300 Hz (a) Linear DFT spectrum (b) Smoothed
Mel spectra computed using various bandwidth values for all filters having center frequency below 1 kHz in Mel
filterbank.
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Table 6.3: Performances for children’s test sets CHts1 (on connected digit recognition task) and PFts (on
continuous speech recognition task) for various modified constant bandwidth (BW) values for all filters having
center frequencies below 1 kHz in the filterbank along with their pitch group-wise breakup. Note that the best
ASR performance for each pitch group corresponds to different choice of the bandwidth of filters considered.

% WER

BW (in Hz) CHts1 PFts

of filters All Fo < 250 Hz ≤ Fo Fo ≥ All Fo < 250 Hz ≤ Fo Fo ≥

having center Fo Values 250 Hz < 300 Hz 300 Hz Fo Values 250 Hz < 300 Hz 300 Hz

freq. below 1 kHz (7,772) (5,224) (2,346) (202) (129) (63) (54) (12)

Default 11.37 6.54 17.47 39.03 56.34 33.05 77.25 102.69

100 16.56 9.09 26.54 53.41 64.67 37.27 89.34 118.83

150 12.40 7.03 19.17 43.25 60.59 34.95 84.55 106.85

200 10.37 6.46 15.29 32.84 55.34 32.71 74.93 103.91

250 9.61 6.43 13.60 28.25 52.26 31.95 69.40 98.04

300 9.69 6.74 13.35 27.26 53.86 35.41 69.45 95.35

350 10.12 7.18 13.86 26.64 57.39 39.32 74.28 89.98

400 10.36 7.44 14.12 26.15 61.12 43.58 77.64 92.18

450 10.57 7.75 14.21 25.77 65.17 44.15 84.25 105.87

500 10.81 8.03 14.36 26.02 68.17 47.26 85.74 115.65

feature computation of the test signals. The modified test features are then decoded with the acoustic

models trained using the default MFCC features. On the connected digit recognition task, the speech

recognition performances for the children’s test set CHts1 corresponding to various modified constant

bandwidth values for all filters having center frequency below 1 kHz along with their breakup for

different pitch groups are given in Table 6.3. On the continuous speech recognition task, the speech

recognition performances for the children’s test set PFts corresponding to various modified constant

bandwidth values for all filters having center frequency below 1 kHz along with their breakup for

different pitch groups are also given in Table 6.3.

From Table 6.3, it is noted that the best recognition performance (in WER) of 9.61% (16% relative

improvement over baseline) and 52.26% (7% relative improvement over baseline) is obtained using

constant bandwidth value of 250 Hz for all filters having center frequency below 1 kHz in MFCC

filterbank for the children’s test set CHts1 (on connected digit recognition task) and the children’s test
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set PFts (on continuous speech recognition task), respectively. Further, on analyzing the performances

of the children’s test sets based on different pitch groups on both recognition tasks, it is observed that

the modified constant bandwidth value for all filters having center frequency below 1 kHz in filterbank

corresponding to the best performance for each pitch group increases with increasing pitch of the

group. This supports our earlier observation that the magnitude of the pitch-dependent distortions

increases with increasing pitch of the signals and thus, they require more smoothing with respect to

the adults’ speech trained acoustic models. As observed in Figure 6.3, the decrease in the performance

corresponding to very low and very high values of the bandwidth of the filters are attributed to under-

and over-smoothing of the resulting smoothed spectrum, respectively.

Motivated by the above noted different modified constant bandwidth values for all filters having

center frequency below 1 kHz in filterbank corresponding to the best speech recognition performances

for different pitch groups, the number of filters whose bandwidth is required to be modified for different

pitch group signals of the children’s test sets are also explored. The recognition performances for the

children’s test sets CHts1 and PFts using MFCC features computed using constant bandwidth values

of 250 Hz and 300 Hz for different number of filters in the Mel filterbank are given in Table 6.4 and

Table 6.5, respectively. It is to note that greater improvements are obtained on both recognition tasks

by modifying the bandwidths of only the selected number of filters in the filterbank rather than for

all filters.

On connected digit recognition task, the best ASR performances are obtained for the signals of the

children’s test set CHts1 having average pitch values of less than 250 Hz using constant bandwidth of

250 Hz for the first 3 filters in the Mel filterbank. On the other hand, for the signals of the children’s

test set CHts1 having average pitch values in the range from 250 Hz to 300 Hz and those having

average pitch values of greater than or equal to 300 Hz, the best ASR performances are obtained

using constant bandwidth of 300 Hz for the first 6 filters and the first 7 filters in the Mel filterbank,

respectively. On continuous speech recognition task, the best recognition performances for the signals

of the children’s test set PFts having average pitch values of less than 250 Hz are obtained using

constant bandwidth of 250 Hz for the first 11 filters in the Mel filterbank. On the other hand, using

constant bandwidth of 300 Hz for the first 6 filters and the first 13 filters in the filterbank gives the best

ASR performances for the signals of the children’s test set PFts having average pitch values greater

than or equal to 250 Hz but less than 300 Hz and those having average pitch values of greater than
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6.2 Mel Filterbank Modification for Pitch Normalization

Table 6.4: Performance for children’s test set CHts1 (on connected digit recognition task) with modified
constant bandwidth (BW) values of 250 Hz and 300 Hz for various number of filters in the filterbank along with
its pitch group-wise breakup. Note that higher pitch groups require modification of the bandwidth of filters up
to higher frequencies.

% WER

Indices of Modified filter BW of 250 Hz Modified filter BW of 300 Hz

filters All Fo < 250 Hz ≤ Fo Fo ≥ All Fo < 250 Hz ≤ Fo Fo ≥

modified Fo Values 250 Hz < 300 Hz 300 Hz Fo Values 250 Hz < 300 Hz 300 Hz

Default 11.37 6.54 17.47 39.03 11.37 6.54 17.47 39.03

1-3 9.95 6.26 14.47 32.84 9.84 6.31 14.06 32.59

1-4 9.52 6.31 13.46 29.37 9.38 6.40 12.96 28.62

1-5 9.41 6.31 13.19 28.75 9.26 6.38 12.83 26.52

1-6 9.49 6.39 13.32 28.13 9.45 6.75 12.70 26.89

1-7 9.60 6.48 13.51 28.00 9.66 6.87 13.11 26.39

1-8 9.59 6.44 13.50 28.62 9.72 6.81 13.33 27.39

1-9 9.61 6.43 13.60 28.25 9.69 6.74 13.35 27.26

1-10 9.63 6.45 13.55 28.87 9.83 6.81 13.58 27.88

1-11 9.63 6.43 13.61 28.75 9.81 6.84 13.46 27.88

1-12 9.65 6.48 13.52 29.24 9.82 6.82 13.54 27.88

1-13 9.61 6.43 13.51 29.00 9.83 6.86 13.50 27.88

1-14 9.67 6.38 13.76 29.24 9.80 6.87 13.42 27.51

1-21 11.24 7.33 16.21 33.33 10.30 7.24 14.18 27.51

or equal to 300 Hz, respectively. The bandwidths of larger number of filters to be modified in Mel

filterbank for the signals with the average pitch values of greater than 300 Hz in comparison to those

having average pitch values in the range from 250 Hz to 300 Hz is again attributed to the appearance

of the pitch-dependent distortions in the smoothed spectral envelope to a greater frequency range in

case of high pitch signals due to greater number of filters having bandwidth smaller than that of the

average pitch of the signals.

Therefore, greater and consistent improvements are obtained in the children’s ASR performance

for each pitch group by selectively modifying the bandwidth of only the selected lower order filters

in the filterbank than those obtained either by explicitly modifying the bandwidth of all filters in the

filterbank or by reducing the number of filters in the filterbank during MFCC feature computation
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Table 6.5: Performance for children’s test set PFts (on continuous speech recognition task) with modified
constant bandwidth (BW) values of 250 Hz and 300 Hz for various number of filters in the filterbank along with
its pitch group-wise breakup. Note that higher pitch groups require modification of the bandwidth of filters up
to higher frequencies.

% WER

Indices of Modified filter BW of 250 Hz Modified filter BW of 300 Hz

filters All Fo < 250 Hz ≤ Fo Fo ≥ All Fo < 250 Hz ≤ Fo Fo ≥

modified Fo Values 250 Hz < 300 Hz 300 Hz Fo Values 250 Hz < 300 Hz 300 Hz

Default 56.34 33.05 77.25 102.69 56.34 33.05 77.25 102.69

1-3 54.10 32.75 71.87 103.42 54.73 34.84 71.08 101.71

1-4 53.58 32.07 71.62 102.69 54.86 34.92 71.72 99.76

1-5 53.38 32.41 71.22 100.00 53.84 35.22 69.45 96.33

1-6 51.69 31.99 67.92 98.04 52.67 35.37 66.83 93.89

1-7 52.04 31.88 69.10 97.31 52.30 35.11 66.93 90.46

1-8 52.30 31.91 69.20 99.76 52.85 35.64 67.08 93.15

1-9 52.26 31.95 69.40 98.04 53.86 35.41 69.45 95.35

1-10 52.24 31.80 69.10 100.24 53.27 35.49 68.26 93.40

1-11 51.39 31.50 67.52 99.51 53.31 35.30 68.16 95.60

1-12 52.34 32.79 68.26 99.27 53.33 35.41 68.02 95.84

1-13 52.69 32.83 69.40 97.80 52.77 35.64 67.57 89.73

1-14 51.43 32.48 67.23 95.11 53.42 35.14 68.76 95.11

1-21 54.63 32.83 72.75 105.13 55.04 37.69 69.74 93.89

for children’s speech. The merit of the selective bandwidth modification of filters in the filterbank

for achieving pitch normalization is attributed to the selective smoothing of the speech spectrum

such that only the required frequency range of the spectrum which is significantly affected by the

pitch-dependent distortions is smoothed out and thus, avoiding the under- or over-smoothing of the

speech spectrum over the entire frequency range. This fact is also supported by the observations made

in [38] which studied the scaling of the bandwidths of all filters in Mel filterbank by factors ranging

from 0.4 to 1.4 for MFCC feature computation and reported no significant improvements in the ASR

performances for both adults’ and children’s speech.
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6.3 Proposed Pitch Normalization Algorithm

In the previous section, significant improvements in the children’s ASR performance are noted by

selectively modifying the bandwidths of the filters in the filterbank for each pitch group children’s

test signals for MFCC feature extraction. These improvements have been attributed to the improved

smoothing of the pitch harmonics in the speech spectrum by the modified filters of the filterbank.

However, each pitch group consists of number of speech signals having different average pitch values.

Therefore, it would be more appropriate to choose the modified constant bandwidth values for appro-

priate number of filters in the filterbank for pitch normalization for each speech signal independently.

Some correlation of the modified constant bandwidth values and the number of filters whose

bandwidths need to be modified in the Mel filterbank with the average pitch of the speech signal

for MFCC feature computation could be noted from the studies reported in the previous section.

The speech signals belonging to the higher pitch group give best recognition performances using

larger constant bandwidth values for larger number of filters in the Mel filterbank for MFCC feature

computation. It is also noted that the modified constant bandwidth value for the filters giving the best

ASR performance in case of each pitch group is not less than the minimum average pitch of that pitch

group. This is obvious as to avoid the occurrence of the pitch-dependent distortions in the smoothed

spectral envelope due to insufficient smoothing by the filters of MFCC filterbank, the bandwidth of all

filters in the filterbank should at least be equal to the average pitch value of the signal. Following this,

we propose an algorithm for adaptively modifying the bandwidths of the filters in the Mel filterbank

for MFCC feature computation for each speech signal.

In the proposed algorithm, the bandwidths of all filters in the filterbank having bandwidth values

lesser than the average pitch value of the speech signal is modified to constant bandwidth value equal

to the average pitch of that speech signal during its MFCC feature computation. The pseudocode

for the proposed algorithm for pitch adaptive modification of Mel filterbank for pitch normalization

is given in Algorithm 1. The children’s speech recognition performances obtained using this proposed

algorithm for pitch normalization during MFCC feature computation of children’s test speech signals

on both connected digit recognition and continuous speech recognition tasks are given in Table 6.6.

It is noted that significant relative improvements of 16% and 9% are obtained over the corresponding

default baseline children’s ASR performances by using the proposed pitch normalization algorithm on

connected digit recognition task and continuous speech recognition task, respectively.
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Algorithm 1 Proposed pitch adaptive Mel filterbank modification algorithm

Require: Average pitch of speech signal F0 ; Number of filters in Mel filterbank N
Require: Default Mel filterbank (DC1,DB1),...,(DCN,DBN)

where DCi is the center frequency and DBi is the bandwidth of ith filter

Initialize: Modified Mel filterbank (MC← (),MB← ())

for i = 1→ N do
if DBi < F0 then

MBi ← F0

else
MBi ← DBi

end if
MCi ← DCi

end for

Output modified Mel filterbank: (MC1,MB1),...,(MCN,MBN)

It is to note here that the improvements obtained with the proposed algorithm are comparable to

those obtained in the previous section by searching the modified values for filter bandwidths. Also, the

improvements are comparable to those obtained with the explicit pitch normalization approach with

an additional advantage of reduced computational complexity in comparison to that in case of the

explicit pitch normalization. For sake of comparison, the children’s ASR performances obtained after

explicit pitch normalization of children’s speech on connected digit and continuous speech recognition

tasks are also given in the last row in Table 6.6.

In literature, the children’s matched ASR performance has been reported to be poorer than the

adults’ matched ASR performance [60]. This is attributed to the higher inter- and intra-speaker

acoustic variability in case of children in comparison to that in case of adults [27,30]. In [63], increasing

the number of filters with default bandwidth in the Mel filterbank has been reported for MFCC feature

extraction for children’s speech for improving their ASR performance on matched models. Motivated

by these, we further explored the efficacy of the proposed modification in Mel filterbank for pitch

normalization for children’s ASR on children’s speech trained models. A relative improvement of

32% is noted in the ASR performance of children’s test set CHts2 on models trained on children’s

training set CHtr on continuous speech recognition task. It is to note that the improvement in the

children’s ASR performance on matched models with the proposed algorithm is greater than that

reported in [63]. This is again attributed to the greater and selective smoothing of pitch harmonics in
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Table 6.6: Performances for children’s test sets CHts1 (on connected digit recognition task) and PFts (on
continuous speech recognition task) using the default MFCC features and MFCC features computed using the
proposed pitch normalization algorithm both with and without VTLN and CMLLR. The relative improvement
(in %) for each case over its corresponding baseline is given in the parentheses.

% WER

Condition CHts1 PFts

Default Proposed Default Proposed

Baseline 11.37 9.50 56.34 51.25

with VTLN 2.95 2.35 26.78 24.99

(% Relative Gain) (74) (75) (52) (51)

with CMLLR 5.54 4.67 38.25 36.49

(% Relative Gain) (51) (51) (32) (29)

with Explicit

Pitch Norm.
9.64 53.72

the speech spectrum by the proposed algorithm. Thus, the proposed algorithm for pitch normalization

is efficient for improving children’s ASR not only on the adults’ speech trained models but also on the

children’s speech trained models.

6.4 Combining Proposed Algorithm with VTLN and CMLLR

In this section, we explore whether the improvement obtained in the children’s ASR performance on

the adults’ speech trained models using the proposed filterbank modification based pitch normalization

algorithm during MFCC feature computation is additional to those obtained by the already existing

techniques used for addressing the acoustic mismatch in context of ASR i.e, VTLN and CMLLR for

children’s speech recognition [30,69] or not. The VTLN and CMLLR are performed on the test data

using HTK as described in Chapter 2.

The ASR performances for the children’s test sets CHts1 (on connected digit recognition task)

and PFts (on continuous speech recognition task) on the adults’ speech trained models both with and

without VTLN on test data using the default MFCC features and the MFCC features computed using

the proposed Mel filterbank based pitch normalization algorithm are also given in Table 6.6. It is

noted that further improvements in the performances are obtained with relative gains of about 20%

and 7% over corresponding default VTLN performances on using the proposed filterbank based pitch
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normalization approach in conjunction with VTLN for the CHts1 and PFts test sets, respectively.

Also, it is to note that the relative gain obtained with VTLN when performed in conjunction with the

proposed filterbank based pitch normalization is comparable to that obtained by VTLN in the default

case.

The modification of the constant-Q filterbank for VTLN purpose also results in small increase in

the bandwidths of all filters of the Mel filterbank particularly in case of children’s (high pitch) speech

signals in HTK implementation. Thus, VTLN does provides some increase in the degree of smoothing

of pitch harmonics in the speech spectrum for warp factors less than 1. However, the maximum change

in the bandwidths of the lower order filters up to 1 kHz would be around 50 Hz only. This increase

in the bandwidths of the filters is much small to result in any pitch normalization. This fact is also

substantiated by the relative gain obtained with VTLN being comparable both with and without the

combination of the proposed filterbank based pitch normalization algorithm.

Further, the children’s speech recognition performances for the data sets CHts1 and PFts with

CMLLR on test data using both default MFCC features and MFCC features computed using the

proposed Mel filterbank based pitch normalization algorithm are also given in Table 6.6. It is noted that

significant relative gains of 16% and 5% are obtained over corresponding default CMLLR performances

by additionally performing the proposed filterbank based pitch normalization for children’s test sets

CHts1 and PFts, respectively. It is hypothesized that the further improvement with the proposed pitch

normalization algorithm over the default CMLLR performance is due to the significant additional

reduction in the acoustic mismatch due to non-linear pitch differences besides that addressed by

CMLLR which is limited to linear transformations only. Also, the relative gain obtained with CMLLR

when performed in conjunction with the proposed filterbank based pitch normalization is comparable

to that obtained with CMLLR in the default case.

Therefore, the significant improvement obtained in the children’s ASR performance with the pro-

posed pitch normalization algorithm is additive to those obtained with the existing VTLN and CMLLR

techniques with relative gains obtained with VTLN and CMLLR being comparable to those obtained

in their corresponding default cases.
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6.5 Summary

In this chapter, the work is motivated by our previous study on the effect of pitch differences across

speech signals on MFCC features and the improvements obtained in the children’s speech recognition

performance with explicit ML-based pitch normalization. The work presented in this chapter and the

observations made in this study are summarized below.

• An automatic algorithm is proposed for pitch normalization during MFCC feature extraction

to avoid the computationally expensive ML-based explicit pitch normalization approach for

children’s speech.

• The proposed algorithm normalizes the pitch differences across speech signals through improved

smoothing of the pitch harmonics in the speech spectrum. The bandwidths of the filters in the

Mel filterbank are selectively modified during MFCC feature extraction for each children’s test

speech signal based on the average pitch of the test signal.

• Significant improvements are obtained in the children’s ASR performances on the adults’ speech

trained models using the proposed pitch normalization algorithm comparable to those obtained

with explicit ML-based pitch normalization technique on both connected digit recognition and

continuous speech recognition tasks.

• Proposed algorithm for utterance-specific modification of the bandwidths of only selected filters

in the Mel filterbank is noted to give larger improvement than those obtained either by explicitly

modifying the bandwidths of all filters or by reducing the number of filters in the filterbank.

• Additional improvement is obtained in the children’s ASR performance by using the proposed

pitch normalization algorithm over those obtained with VTLN and CMLLR in default case.

Also, the relative gains obtained with VTLN and CMLLR when applied in combination with

the proposed pitch normalization algorithm are found to be comparable to those obtained with

VTLN and CMLLR in the corresponding default cases.
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7. Pitch Mismatch Reduction by Cepstral Truncation

7.1 Introduction

In Section 4.3, the pitch-dependent distortions appearing in the Mel spectral envelope of the high

pitch signals have been found to increase the dynamic range of the higher order coefficients of 13-D

truncated MFCC (C0−C12) features. This in turn causes the variances of those higher order MFCCs

to increase with increase in the pitch of the signals as noted in Section 3.2.1. It is already known

that children’s speech have higher pitch frequencies in comparison to those of the adults’ speech [27].

Therefore, higher order coefficients of MFCC features corresponding to children’s speech would have

significantly higher variances in comparison to those in case of the adults’ speech.

Motivated by these, in this chapter, the truncation of MFCC features is explored for children’s

ASR on adults’ speech trained models. The role of MFCC feature truncation in reducing the pitch

mismatch between the adults’ and the children’s speech is then explored. Based on the correlation

observed between the length of the base MFCC features for a test signal and the degree of acoustic

mismatch with respect to speech recognition acoustic models, an automatic algorithm is proposed for

choosing utterance-specific appropriate truncation of MFCC features for children’s speech recognition

on adults’ speech trained models.

The outline of this chapter is as follows: In Section 7.2, truncation of MFCC features is explored for

children’s speech recognition on adults’ speech trained models. The role of MFCC feature truncation

in addressing the pitch mismatch between the adults’ and the children’s speech in context of children’s

ASR on adults’ speech trained models is studied in Section 7.3. In Section 7.4, an automatic algorithm

for utterance-specific MFCC truncation for test signals is proposed. VTLN and CMLLR techniques

are explored in combination with the proposed algorithm for ASR in Section 7.5. Finally, the summary

of the work presented in this chapter is given in Section 7.6.

7.2 Truncation of MFCC Features for Children’s ASR

To address the increase in the variances of the higher order coefficients of MFCC features with

increase in the pitch of the signals, in this study, the effect of exclusion of the higher order coefficients

from the default 13-D base MFCC features (C0−C12) is explored on the children’s ASR performance.

The base MFCC features for the children’s test speech are truncated from 13 down to 3 in steps of 1.

For recognition, the various truncated base MFCC features are also appended with their corresponding

first and second order temporal derivatives. The extended truncated test features are then decoded

112

TH-1042_06610209



7.2 Truncation of MFCC Features for Children’s ASR

using the corresponding dimensionality models. For optimal ASR evaluations, the acoustic models are

required to be re-estimated to match the dimensionality of the truncated test features. However, in

order to avoid the large computational complexity and the need of a large storage space, we explore

using the suboptimal truncated models extracted from the full 39-D baseline models for ASR evalu-

ations. On the connected digit recognition task, a difference of only 0.3% is noted in the children’s

mismatched ASR performances obtained using the re-trained models and the truncated models corre-

sponding to the 3-D base MFCC features. Therefore, in this work, though all ASR experiments on the

connected digit recognition task are done using the re-estimated reduced dimensionality models but,

on the continuous speech recognition task the ASR performances are evaluated using the truncated

models extracted from the 39-D baseline models.

The recognition performances for the children’s test sets CHts1 and PFts on their respective

systems for different dimensions of the truncated test features on corresponding adults’ speech trained

models with matching feature dimensions are given in Table 7.1. It is noted that the recognition

performance for the children’s test set improves consistently with MFCC truncation on both connected

digit and continuous speech recognition tasks. The best relative improvement of about 54% is obtained

over the baseline for the CHts1 test set for 12-dimensional MFCC features (include 4-dimensional base

features and their first and second order temporal derivatives) while the best relative improvement of

about 38% is obtained over the baseline for the PFts test set using 18-dimensional MFCC features

(include 6-dimensional base features and their first and second order temporal derivatives). Thus,

greater degree of cepstral truncation of default base MFCC features helps children’s speech recognition

on the adults’ speech trained models.

It seemed bit surprising that such an improved children’s ASR performance could be obtained

on the adults’ speech trained models with base MFCC feature length of as low as 4 (on connected

digit recognition task) and 6 (on continuous speech recognition task) in comparison to default base

MFCC feature length of 13. So, to explore the reason for such behavior, the contribution of each of

the coefficients of the default 39-D MFCC features (C0 −C12 base MFCC features and their first and

second order temporal derivatives) to the children’s ASR performance is evaluated. For sake of ease,

the study is done on a connected digit recognition task.

For determining the contribution of each of the coefficients of the default 39-D MFCC features

to the children’s ASR performance, separate acoustic model sets are derived from the 39-D baseline
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7.2 Truncation of MFCC Features for Children’s ASR

Table 7.2: Performances (in descending order) of each of the coefficients of the 39-D default MFCC features
for children’s test set CHts1 on models trained on adults’ speech data set ADtr.

Rank Coefficient % WER Rank Coefficient % WER Rank Coefficient % WER

1 ∆C0 63.12 14 C10 88.16 27 ∆C6 96.29

2 C1 67.41 15 C6 88.51 28 ∆C11 96.33

3 C0 69.93 16 C5 89.17 29 ∆C9 96.49

4 ∆C1 72.98 17 C8 90.24 30 ∆C10 96.86

5 ∆C2 73.16 18 C9 91.49 31 ∆∆C5 97.24

6 ∆∆C0 74.47 19 C11 92.07 32 ∆C7 97.41

7 C2 76.25 20 ∆∆C3 92.24 33 ∆∆C6 97.47

8 ∆∆C2 84.50 21 C7 92.39 34 ∆∆C12 97.74

9 C3 85.43 22 C12 92.57 35 ∆∆C9 97.80

10 C4 85.66 23 ∆∆C4 93.71 36 ∆∆C11 97.84

11 ∆∆C1 86.38 24 ∆C5 94.95 37 ∆∆C8 98.03

12 ∆C3 87.87 25 ∆C12 95.70 38 ∆∆C7 98.23

13 ∆C4 88.12 26 ∆C8 96.27 39 ∆∆C10 98.28

acoustic model set trained on ADtr data set for each MFCC coefficient. The model set corresponding

to a MFCC coefficient is derived by selecting the dimension corresponding to that particular coefficient

from all mean and variance parameters of the 39-D baseline acoustic model set while keeping all the

mixture weights and the transition probabilities same as default. The recognition performance of

CHts1 data set is computed on each of those separate acoustic models with matching dimension of

MFCC test features. This procedure is repeated separately for all coefficients of the default 39-D

MFCC features and the recognition performances in descending order on the children’s test set CHts1

computed using each of the individual coefficients of the 39-D MFCC features are given in Table 7.2.

It is to note that some coefficients of the default 39-D MFCC features seem to have no significant role

in children’s ASR on adults’ speech trained models.

Further, the performances with different MFCC features obtained by taking top performing coeffi-

cients as noted from Table 7.2 are also computed and are given in Table 7.3 along with those obtained

with truncated MFCC features of matching length for ease of comparison. It is noted that the best

relative improvement of 53% is obtained in the children’s ASR performance using rank-ordered MFCC

features of 12 dimensions for both training and test speech data. It is also noted that comparable
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7.2 Truncation of MFCC Features for Children’s ASR

Table 7.4: Rank ordering of each of the coefficients of the 39-D MFCC features based on their ASR perfor-
mances for children’s test set CHts1 on models trained on adults’ speech data set ADtr within the base, the ∆
and the ∆∆ feature streams.

Base MFCC ∆ MFCC ∆∆ MFCC

Rank Coefficient Rank Coefficient Rank Coefficient

1 C1 1 ∆C0 1 ∆∆C0

2 C0 2 ∆C1 2 ∆∆C2

3 C2 3 ∆C2 3 ∆∆C1

4 C3 4 ∆C3 4 ∆∆C3

5 C4 5 ∆C4 5 ∆∆C4

6 C10 6 ∆C5 6 ∆∆C5

7 C6 7 ∆C12 7 ∆∆C6

8 C5 8 ∆C8 8 ∆∆C12

9 C8 9 ∆C6 9 ∆∆C9

10 C9 10 ∆C11 10 ∆∆C11

11 C11 11 ∆C9 11 ∆∆C8

12 C7 12 ∆C10 12 ∆∆C7

13 C12 13 ∆C7 13 ∆∆C10

improvements are obtained in the children’s ASR performance along with similar reduction in the

overall dimensionality of MFCC features from both rank based low-dimensional MFCC features and

low-dimensional MFCC features obtained through cepstral truncation. However, it is difficult to ex-

plain the spectral meaning of such arbitrary selection of coefficients in case of rank based MFCC

features.

On observing the top 12 performing coefficients of 39-D MFCC features from Table 7.2, it is noted

that the rank based 12-D MFCC features comprise mainly the coefficients up to C3 and their first

and second order derivatives. Further, on observing the rank ordering of all coefficients among the

base, the ∆ and the ∆∆ MFCC feature streams in Table 7.4 based on their performances as noted

in Table 7.2, it is noted that the higher contributions to recognition performance in each of the three

streams of MFCC features have come from the lower order coefficients. This justifies the comparable

best improvement obtained in the children’s ASR performance for CHts1 test set using truncated base

MFCC features of 4 dimensions (C0 − C3).
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7. Pitch Mismatch Reduction by Cepstral Truncation

7.3 Role of MFCC Feature Truncation in Pitch Mismatch Reduction

In previous section, it is noted that exclusion of higher order coefficients of MFCC features results in

large improvements for children’s speech recognition on adults’ speech trained models. The children’s

speech have much higher pitch frequencies in comparison to those of the adults’ speech which increase

the dynamic range of the higher order coefficients of MFCC features as already shown in Chapter 4.

Thus, the reason of the large improvements obtained with truncation of the higher order coefficients

of MFCC features for children’s ASR is obvious but it would be beneficial to understand the role of

MFCC feature truncation in pitch mismatch reduction in more detail.

In HMM-based speech recognition system, the likelihood estimation for recognition purpose es-

sentially involves the use of the MD [102] measure. Obviously, the larger MDs lead to poorer speech

recognition performance. The MD for a MFCC test feature vector with respect to a low pitch speech

trained model is computed using Eqn. 7.1:

MD(x, µL) =
√

(x− µL)TΣ
−1
L (x− µL) (7.1)

where, x denotes the MFCC test feature vector, µL represents the mean and ΣL represents the

covariance of the low pitch speech trained model. Let, xH denote MFCC test feature vector of high

pitch speech signal and xL denote MFCC test feature vector of low pitch speech signal. Let ‘i’ denote

the indices of the higher order coefficients of base MFCC features and their corresponding ∆ and ∆∆

coefficients. Then, based on the observations made in Section 4.3,

xHi
>> µLi

while xLi
≈ µLi

(7.2)

⇒ xH − µL > xL − µL (7.3)

⇒MDH > MDL (7.4)

Therefore, we hypothesize that the higher order MFCC would have much higher distances than

those for the lower order MFCC for signals having high pitch values with respect to the models trained

with signals having low pitch values which have comparatively low variances across all coefficients.

In order to explore the relative contribution of the lower and the higher order coefficients of MFCC

(C1 − C12) features in the distance measure in case of both low and high pitch signals, the variances

of squared MD of 13-D base MFCC feature vectors of signals belonging to different pitch ranges are
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7.3 Role of MFCC Feature Truncation in Pitch Mismatch Reduction

measured for different order of truncation of MFCC features. For this study, the TIMIT data is

used and nearly 2000 frames (central steady-state portions) of 7 different vowels from speech signals

belonging to 75-100 Hz, 100-125 Hz and 200-250 Hz pitch ranges are extracted. The average pitch

(Fo) of the signals is estimated using the ESPS tool available in the Wavesurfer software package [88]

as described in Section 2.2. The variances of the squared MD of the MFCC feature vectors of the

‘low’ (100-125 Hz) and the ‘high’ (200-250 Hz) pitch group signals from the distribution of MFCC

features of 75-100 Hz pitch group signals corresponding to different truncations of MFCC features are

measured for different vowels and those for few representative vowels are given in Table 7.5. The MD

is computed for the MFCC feature vectors of all signals of both pitch groups using Eqn. 7.1 where

x is the MFCC feature vector whose distance is to be computed. µL is the mean and ΣL is the

diagonal-covariance of the distribution of MFCC features of 75-100 Hz pitch group signals. The table

also shows the ratio of the variances of the squared MD of the feature vectors of the ‘low’ and ‘high’

pitch group signals for different order of truncation of MFCC features.

From Table 7.5, it is noted that, similar to our observation in Section 3.2.1, for MFCC features

of all feature lengths the feature vectors of high pitch group signals have larger variances of squared

MD with respect to the 75-100 Hz pitch group distribution in comparison to those for the low pitch

group signals. As the degree of truncation of MFCC features increases the variance of squared MD of

feature vectors of both pitch groups decreases for all vowels. However, the decrement in the variances

of squared MD is more for high pitch group signals than the low pitch group signals in all cases.

Also, it is to note that greater decrease in the variances of squared MD is observed when the higher

order MFCCs (beyond C4) are excluded from the feature vector in comparison to the exclusion of the

lower order MFCC (up to C4) for both pitch groups. Observing the ratio of the variances of squared

MD of feature vectors of the high and the low pitch groups, it is noted that with increase in truncation

of higher order MFCCs the ratio of the variances of squared MD of feature vectors of both groups

decreases significantly with the most decrease on exclusion of the coefficients C10−C12. This indicates

that with increase in truncation of MFCC features the feature vectors of high pitch group signals come

closer to the distribution of MFCC features of the 75-100 Hz pitch group signals to an extent similar

to those of the low pitch group but more when the higher order MFCC are truncated by reducing the

pitch mismatch. This supports our earlier hypothesis that the higher order MFCCs have much higher

distances in comparison to those for the lower order MFCC for high pitch signals compared to those
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Figure 7.1: Plots for vowel /IY/ having pitch value of around 300 Hz (a) Linear DFT spectrum (b) Smoothed
Mel spectra corresponding to the base MFCC features of different dimensions.

corresponding to the low pitch signals. Since children’s speech have significantly higher pitch values

than adults’ speech, the exclusion of the higher order coefficients from the default 13-D base MFCC

features (C0−C12) helps in reducing the distance between the children’s test features and the adults’

speech trained models by reducing their pitch mismatch.

To illustrate the effect of varied truncation of MFCC features on their corresponding spectra, the

plots of the smoothed spectra corresponding to various truncated base feature lengths including C0

for vowel /IY/ having pitch value of around 300 Hz are shown in Figure 7.1. It is to note that with

increased truncation, the pitch-dependent distortions in the smoothed Mel spectral envelope are better

smoothed out. This explains the reduction in the pitch mismatch by increased truncation of higher

order MFCCs. However, it is to note here that with greater truncation of higher order MFCCs the

spectral peaks (formants) also start getting smoothed out. This truncation is applied to both the

test features as well as the mean and variance parameters of the acoustic model. This corresponds

to similar smoothing being applied to the adults’ speech spectra as well. This results in reduction

in the spectral mismatch between the adults’ and children’s speech spectra due to vocal tract length

(VTL) differences. Thus, with the increased MFCC feature truncation for children’s ASR on adults’

speech trained models has the potential to reduce the acoustic mismatch between the adults’ and the

children’s speech arising due to the pitch differences, the VTL differences and any other sources of

acoustic mismatch which induce fast varying changes in the speech spectrum.
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7. Pitch Mismatch Reduction by Cepstral Truncation

7.4 Adaptive MFCC Feature Truncation for Pitch Mismatch Re-
duction

As already noted in previous section that the increased truncation of MFCC features for children’s

test sets helps in reducing their acoustic mismatch due to pitch and VTL differences with respect

to the adults’ speech trained models. However, for each test speech signal the degree of acoustic

mismatch with respect to the models is different. Therefore, in this section, we first explore the

correlation between the appropriate MFCC feature truncation for a test signal and its degree of

acoustic mismatch with respect to the speech recognition models. Following the observed correlation,

algorithms are proposed for adaptive truncation of MFCC features of test signals for reducing their

pitch mismatch with respect to the ASR models.

7.4.1 Correlation between MFCC Feature Truncation and VTLN Warp Factor

Although the acoustic mismatch of a test signal correlates with its likelihood with respect to the

ASR models, in case of the truncated test features the likelihoods with respect to the models of

matching dimensions would obviously be monotonically increasing with increasing truncation. Thus,

the ML criterion can not be simply used to determine the appropriate truncation for a test feature

required for its recognition unless the likelihoods are appropriately penalized. But those penalties for

different truncations of MFCC features are to be determined empirically as deriving them analytically

for HMM-based acoustic modeling is comparatively difficult. Further, the increased MFCC feature

truncation reduces the acoustic mismatch mainly due to the pitch differences and the differences in

the formant frequencies. Among these two factors, the format frequencies are already noted to be

the foremost source of acoustic mismatch between adults’ and children’s speech. In addition to that,

VTLN provides an easy quantification of acoustic mismatch in terms of the frequency warp factor.

Therefore, we intend to explore the correlation between the degree of cepstral truncation of a MFCC

test feature and its degree of acoustic mismatch with respect to speech recognition models as assessed

by its ML-based VTLN warp factor estimate.

The VTLN warp factors for all speech signals of both children’s test sets CHts1 and PFts are

estimated with respect to the corresponding 39-D baseline adults’ speech trained models by doing a

ML grid search among 13 frequency warp factors (α) ranging from 0.88-1.12 in steps of 0.02. The

speech signals of both children’s test sets are then divided into different groups based on their ML-based
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7.4 Adaptive MFCC Feature Truncation for Pitch Mismatch Reduction

optimal VTLN warp factors. The VTLN warp factor-wise recognition performances of the children’s

test sets CHts1 and PFts for different dimensions of the truncated test features on corresponding

adults’ speech trained models with matching feature dimensions are given in Table 7.6 and Table 7.7,

respectively. It is to note that there are not sufficient number of signals corresponding to each of the

values of the VTLN warp factor in the children’s speech test sets. So, to study the correlation between

MFCC truncation and degree of acoustic mismatch for speech signals of other VTLN warp factors as

well the recognition performances for the matched adults’ speech test sets are also evaluated. The

matched ASR performances of the adults’ speech test sets ADts and CAMts with varying truncation

of MFCC features along with their VTLN warp factor-wise performances are given in Table 7.8 and

Table 7.9, respectively. It is noted that no significant change in the ASR performance occurs up to

a length of 11 for base MFCC features for ADts test set while it slightly improves over baseline with

increased truncation of MFCC features up to the length of 12 for base MFCC features for CAMts

data set. The comparatively less feature truncation and small improvement for ADts and CAMts

test sets are attributed to the lesser degree of gross acoustic mismatch in case of adults’ test speech

data with respect to the adults’ speech trained models unlike in case of children’s test speech data.

Observing the VTLN warp factor-wise performances of significantly large signal groups from both

children’s and adults’ speech test sets, it is noted that different truncations of base MFCC features

are required for signals with different degree of VTL differences with greater truncation chosen for

signals having greater VTL differences with respect to the adults’ speech trained models. However,

it is also worth noting that lesser degree of cepstral truncation is required for the adults’ test speech

signals in comparison to those required for the children’s test speech signals having same VTLN warp

factor values w.r.t. the adults’ speech trained models.

7.4.2 Proposed Algorithm for Adults’ Speech Trained ASR Models

Based on the observed correlation between the appropriate MFCC test feature truncation and

its degree of acoustic mismatch, further, we propose an automatic algorithm for doing an utterance-

specific truncation of default base MFCC features for test signals depending upon their acoustic

mismatch with respect to the adults’ speech trained models. To show the generality of the proposed

algorithm, the ASR performances are evaluated using the same proposed algorithm for both the

children’s as well as the adults’ test sets on both the connected digit recognition and continuous

speech recognition tasks.
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7.4 Adaptive MFCC Feature Truncation for Pitch Mismatch Reduction

Table 7.7: Performance for children’s test set PFts on models trained on adults’ speech data set CAMtr for
various truncations of base MFCC features along with their VTLN warp factor-wise breakup.

MFCC % WER

Base VTLN Warp Factor Values

Feature All 0.88 0.90 0.92 0.94 0.96 0.98 1.06 1.08

Length (129) (91) (24) (7) (1) (2) (2) (1) (1)

Default (C0 − C12) 56.34 64.07 40.97 26.32 25.00 8.42 94.44 42.86 5.13

C0 − C11 52.10 58.70 38.95 23.08 25.00 10.53 93.52 42.86 5.13

C0 − C10 48.39 54.76 34.21 22.67 25.00 8.42 93.52 42.86 5.13

C0 − C9 44.72 50.21 31.48 22.67 25.00 9.47 98.15 28.57 5.13

C0 − C8 42.19 47.27 28.96 22.27 25.00 8.42 99.07 30.95 5.13

C0 − C7 39.89 44.87 28.15 16.60 25.00 8.42 90.74 26.19 5.13

C0 − C6 39.02 43.99 27.35 16.19 13.64 8.42 93.52 21.43 5.13

C0 − C5 35.13 39.56 23.71 14.98 13.64 9.47 88.89 26.19 2.56

C0 − C4 38.25 42.25 29.26 16.60 22.73 9.47 90.74 23.81 2.56

C0 − C3 41.50 45.62 35.22 15.38 9.09 12.63 86.11 21.43 2.56

C0 − C2 40.62 44.22 33.70 21.05 9.09 25.26 82.41 16.67 0.00

It has already been noted that the adults’ speech (matched) and the children’s speech (mismatched)

have different degrees of acoustic mismatches with respect to the adults’ speech trained models, and

therefore, choose different truncations of base MFCC features for improved ASR i.e., lesser truncation

for matched adults’ speech while greater truncation for mismatched children’s speech on adults’ speech

trained models. Thus, it can be concluded that, in general, matched test speech would require lesser

truncation in comparison to the mismatched test speech for recognition. Also, it has been observed

that in case of both matched and mismatched ASR the appropriate base MFCC feature truncation

increases with increase in the degree of acoustic mismatch between the test speech and the adults’

speech trained models. Therefore, following these observations, for the sake of generality, we propose

a piece-wise linear relationship between the length of base MFCC features and the VTLN warp factor

(α̂) for both matched and mismatched test speech signals as shown graphically in Figure 7.2.
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7.4 Adaptive MFCC Feature Truncation for Pitch Mismatch Reduction

Table 7.9: Performance for adults’ test set CAMts on models trained on adults’ speech data set CAMtr for
various truncations of base MFCC features along with their VTLN warp factor-wise breakup.

MFCC % WER

Base VTLN Warp Factor Values

Features All 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08 1.12

(314) (8) (14) (39) (79) (70) (13) (46) (8) (33) (4)

Default (C0 −C12) 9.92 6.31 8.87 13.76 8.12 9.82 13.71 13.93 4.93 5.01 9.76

C0 − C11 9.76 6.31 7.39 13.30 7.89 9.42 13.31 14.55 4.93 5.18 9.76

C0 − C10 10.28 4.50 8.37 13.15 8.82 10.06 11.69 14.68 10.56 5.87 9.76

C0 − C9 9.92 5.41 7.88 12.54 9.13 9.19 11.69 14.55 4.23 6.22 9.76

C0 − C8 10.60 5.41 9.36 13.46 9.82 9.50 12.90 15.68 5.63 6.56 4.88

C0 − C7 11.02 5.41 10.84 13.91 10.21 10.30 12.10 15.81 6.34 6.56 7.32

C0 − C6 11.86 5.41 9.85 15.29 10.90 11.66 12.10 17.31 6.34 6.56 7.32

C0 − C5 12.95 7.21 12.81 16.97 11.60 12.38 13.71 18.70 4.23 7.94 9.76

C0 − C4 15.08 7.21 15.76 18.96 13.77 14.54 14.11 22.08 9.86 8.64 7.32

C0 − C3 21.52 13.51 24.14 27.68 20.42 20.69 16.94 28.23 13.38 14.51 17.07

C0 − C2 29.15 24.32 33.99 37.77 27.38 27.16 25.00 37.39 16.90 21.42 14.63

In order to automate the procedure for determining the appropriate MFCC feature truncation for

a test signal on ASR models, it is required to first categorize the input speech as of an adult or of

a child based on its degree of gross acoustic mismatch with respect to the recognition models. With

respect to adults’ speech trained models, the children’s speech spectra may require the scaling of

frequency axis by a factor as low as 0.88 for normalizing the differences in their formant frequencies

which would be unlikely in case of adults’ speech spectra. Therefore, the log likelihoods of the default

MFCC features of the test signal and of the features corresponding to VTLN warp factor of 0.88 with

respect to the adults’ speech trained 39-D baseline models, already computed during VTLN warp

factor estimation, are compared. The input test speech is categorized as child’s speech if its likelihood

is more for features corresponding to VTLN warp factor of 0.88 than that corresponding to the default
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Figure 7.2: Graph showing the proposed relation between the length of base MFCC features and the VTLN
warp factor for both matched and mismatched test speech signals.

MFCC features or else as adult’s speech. The flow-diagram of the algorithm proposed for ASR on

adults’ speech trained models is shown in Figure 7.3. Once the input test speech is categorized as

adult’s or child’s speech, the appropriate length of base MFCC features for its recognition is chosen

corresponding to its VTLN warp factor estimated with respect to the 39-D baseline models from the

piece-wise linear relation given in Figure 7.2.

The recognition performances for both children and adults test sets using the proposed algorithm

on the adults’ speech trained models on both digit and continuous speech recognition tasks are given

in Table 7.10. It is noted that using the proposed algorithm for adaptive truncation of MFCC features

relative improvements of 38% and 36% are obtained over baseline in children’s ASR performances on

adults’ speech trained models on the connected digit recognition and the continuous speech recognition

tasks. On comparing the improvements obtained in the ASR performances by fixed truncation of

MFCC features for all test signals and those using the proposed adaptive MFCC feature truncation

algorithm for recognition, it is to note that comparable performances are obtained in both cases on

the continuous speech recognition task. The lesser improvement with the proposed adaptive MFCC

feature truncation algorithm in comparison to that obtained with fixed truncation of MFCC features

for all test signals on connected digit recognition task is attributed to the proposed relation between

the VTLN warp factor and the base MFCC feature length. Since, the proposed relation is favored for
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Figure 7.3: Flow diagram of the proposed algorithm to determine the appropriate length of base MFCC
features for recognizing a test speech signal on adults’ speech trained models. Here the ‘Lookup Table’ refers to
the proposed relation between the length of base MFCC features and the VTLN warp factor shown graphically
in Figure 7.2.

the continuous speech recognition task, the improvements obtained on connected digit recognition task

using that relation are limited where the children’s test speech actually show the need for greater degree

of truncation in comparison to that required on the continuous speech recognition task. On recognizing

the adults’ test speech data, slight insignificant reduction in the ASR performance is observed as

compared to its baseline on the adults’ speech trained models. Thus, the proposed algorithm is

highly efficient in reducing the acoustic mismatch between the children’s and the adults’ speech data

for children’s ASR on adults’ speech trained models, without using any prior knowledge about the

speaker of the test utterance with an additional advantage of reduced MFCC feature dimensions.

7.4.3 Proposed Algorithm for Children’s Speech Trained ASR Models

In literature, children’s matched ASR performance has been reported to be poorer than the adults’

matched ASR performance [60]. This is attributed to the higher inter- and intra-speaker acoustic

variability in case of children in comparison to those in case of adults [27, 30]. Therefore, it would

be interesting to explore the efficacy of the proposed algorithm in addressing the acoustic mismatch
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7. Pitch Mismatch Reduction by Cepstral Truncation

Table 7.10: Performances for children’s and adults’ test sets on adults’ speech trained models using default
MFCC features (referred to as ‘Baseline’) and MFCC features derived using the proposed algorithm (referred
to as ‘Proposed’) on both connected digit recognition and continuous speech recognition tasks.

% WER

Recognition Task Children’s Mismatched ASR Adults’ Matched ASR

Baseline Proposed Baseline Proposed

Connected Digit 11.37 7.09 0.43 0.53

Continuous Speech 56.34 36.21 9.92 10.28

for children’s matched ASR. With respect to the children’s speech trained models, the adults’ speech

spectra might need expansion by a frequency warp factor of as high as 1.12 which would very excep-

tionally be required in case of children. So, on children’s speech trained models for classifying the test

speech signals as of an adult or a child, the log likelihoods of the default MFCC features of the test

signal and of the features corresponding to VTLN warp factor of 1.12 with respect to the children’s

speech trained 39-D baseline models are compared. The input test speech is categorized as adult’s

speech if the likelihood for the features corresponding to VTLN warp factor of 1.12 is more than that

of the default features or else as child’s speech. The flow-diagram of the algorithm proposed for ASR

on children’s speech trained models is shown in Figure 7.4 which is identical to the one proposed for

adults’ speech trained models shown in Figure 7.3 except for the rule employed to classify the test

speech being adult’s speech or child’s speech.

The recognition performances for both children’s and adults’ test sets using the proposed algorithm

on the children’s speech trained models on both digit and continuous speech recognition tasks are

given in Table 7.11. It is noted that consistent significant improvements are obtained in the ASR

performances for both mismatched adults’ test speech and matched children’s test speech on both digit

and continuous speech recognition tasks. Relative improvements of 49% and 31% are obtained over

baseline in children’s matched ASR performances on the connected digit recognition and continuous

speech recognition tasks, respectively. For adults’ speech recognition on children’s speech trained

models, relative improvements of 35% and 10% are obtained over baseline on the connected digit

recognition and continuous speech recognition tasks, respectively. However, it is to note that larger
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features for recognizing a test speech signal on children’s speech trained models. Here the ‘Lookup Table’
refers to the proposed relation between the length of base MFCC features and the VTLN warp factor shown
graphically in Figure 7.2.

improvements are obtained for children’s speech than for adults’ speech on children’s speech trained

models. Also, for adults’ mismatched ASR the improvements are noted to be comparatively less than

that for children’s mismatched ASR. These are attributed to the poor children’s speech trained models

having higher variances of the observation densities of phone models due to their higher inter-speaker

variability than in case of adults [27,30]. This means that the class-dependent Gaussian densities have

more spread and as a result the acoustic classes become less separable in the acoustic feature space in

case of children’s speech trained models than for adults’ speech trained models. This statement can

be further substantiated by comparing the average Bhattacharyya distance (BD) [138] between phone

classes for adults’s and children’s speech trained phone models.

Given two Gaussian distributions N (µi,Σi) and N (µj,Σj) representing phone ‘i’ and phone ‘j’,

respectively, the BD between these distributions is computed as:

BD(i, j) =
1

8
(µi − µj)

T (
Σi +Σj

2
)−1(µi − µj) +

1

2
log
|
Σi+Σj

2 |
√

|Σi||Σj|
(7.5)
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Table 7.11: Performances for children’s and adults’ test sets on children’s speech trained models using default
MFCC features and MFCC features derived using the proposed algorithm on both connected digit recognition
and continuous speech recognition tasks.

% WER

Recognition Task Children’s Matched ASR Adults’ Mismatched ASR

Baseline Proposed Baseline Proposed

Connected Digit 1.01 0.52 13.28 8.70

Continuous Speech 12.41 8.62 68.36 61.43

Given a set of M Gaussian densities representing M phone classes, the average BD is determined

as follows:

AvgBD =
2

M(M − 1)

M−1
∑

i=1

M
∑

j=i+1

BD(i, j) (7.6)

The average BD, AvgBD, can be considered as a statistical measure of how scattered the M

phones are in the acoustic space. High values of AvgBD indicate that phone distributions are well

scattered in the acoustic space and thus phones should be more easily discriminated, while low values

of AvgBD can be interpreted as a higher superposition of phone distributions and thus the phone

discrimination task would become harder.

To compare the inter-speaker variability of adults’ and children’s speech, the average BD is mea-

sured for both adults’ and children’s speech trained phone models. The phone models are built using

a 3-state left-to-right topology with a single Gaussian density per state. Each speech frame is pa-

rameterized by a 39-D observation vector composed of 13 MFCCs (C0 − C12) plus their first and

second order temporal derivatives. Cepstral mean subtraction is performed on static features on an

utterance-by-utterance basis. For children, two sets of phone models are trained each using CHtr and

PFtr data sets while for adults, the two sets of phone models are trained using ADtr and CAMtr data

sets. In computing the average BD, only the Gaussian densities associated to the central states of

the phone models are considered. This is done based on our assumption that the Gaussian density

associated to the central state of a model better reflects the acoustic characteristics of the modeled

phone than Gaussian densities associated to the initial and final states.
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Figure 7.5: Bar graph showing average Bhattacharyya distance across vowel sounds for models trained on
adults’ and children’s speech for connected digit and continuous speech recognition tasks.

The average BD for the adults’ and the children’s speech trained phone models is shown in Fig-

ure 7.5. Seven different vowels are considered in computing BD measures in all cases. It can be noted

that the average BD among vowel distributions is greater for adults’ speech trained models than for

children’s speech trained models showing that vowel distributions are more overlapped in the acous-

tic spaces of children’s speech leading to comparatively poor classification performance of children’s

speech trained models. This is attributed to the effect of greater inter-speaker acoustic variability in

children’s speech than in adults’ speech [27].

7.5 Combining Proposed Algorithm with VTLN and CMLLR

From the previous sections, it is noted that MFCC feature truncation also addresses the acoustic

mismatch and thus, our proposed algorithm for adaptive MFCC feature truncation gives improvements

in the acoustically mismatched ASR performance. So, it would be interesting to explore whether the

improvement obtained by the proposed algorithm is additional to that obtained by the existing speaker

normalization and model adaptation techniques viz., VTLN and CMLLR [30,69] or not. The VTLN

and CMLLR are performed on the test data using HTK as described in Chapter 2.

The recognition performances for the children’s test set PFts on the adults’ speech trained models

and the children’s speech trained models using the default MFCC features and the features derived

using the proposed adaptive MFCC feature truncation algorithm both with and without VTLN are

given in Table 7.12. It is noted that further 15% relative improvement is obtained in the children’s ASR
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Table 7.12: Performance for PFts test set using the default MFCC features referred to as ‘Default’ and MFCC
features derived using the proposed algorithm referred to as ‘Proposed’ both with and without VTLN and
CMLLR under both matched and mismatched conditions.

Children’s Mismatched ASR Children’s Matched ASR

% WER % Relative % WER % Relative

Condition Baseline with Gain Baseline with Gain

CMLLR with CMLLR CMLLR with CMLLR

Default 56.34 38.25 32 12.41 10.22 18

Default + VTLN 26.78 18.63 30 9.06 7.99 12

Proposed 36.21 23.07 36 8.62 7.54 13

Proposed + VTLN 22.72 16.16 29 7.70 6.75 12

performance by doing VTLN using MFCC features derived using the proposed adaptive truncation

algorithm over the performance obtained with VTLN using the default features on both the adults’

speech trained and the children’s speech trained models. However, it is to note that the relative

improvement with VTLN is reduced by 15% when the MFCC features derived using the proposed

algorithm are used in comparison to that obtained in case of the default MFCC features. This is

attributed to reduction of the acoustic mismatch due to the VTL differences with truncation of higher

order coefficients in MFCC features as argued earlier.

The recognition performances for the children’s test set PFts on the adults’ speech trained and

the children’s speech trained models using the default MFCC features and the features derived using

the proposed adaptive MFCC feature truncation algorithm both with and without CMLLR are also

given in Table 7.12. It is noted that large relative gains of 40% and 26% are obtained in the children’s

ASR performance on doing CMLLR using MFCC features derived using the proposed algorithm over

the performance obtained by doing CMLLR using the default MFCC features on the adults’ speech

trained and the children’s speech trained models, respectively. On further noting the recognition

performances obtained by combined VTLN and CMLLR, it is found that relative improvements of

13% and 16% are obtained in the children’s ASR performance when MFCC features derived using the

proposed algorithm are used over that obtained in case of the default MFCC features on the adults’

speech trained and the children’s speech trained models, respectively.
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Thus, the improvement obtained using the proposed MFCC feature truncation algorithm is additive

to those obtained with VTLN and CMLLR. Like CMLLR, VTLN can also be implemented through

application of linear transformations to MFCC features [139, 140]. So, the improvement obtained

with the proposed adaptive MFCC feature truncation algorithm being additive to those obtained with

VTLN and CMLLR is attributed to the former not being constrained to linear transformations unlike

the latter.

It is to note that by reducing the feature dimensions for both the training and the test speech data

at the same time, the speaker adaptive training is implicitly incorporated in the proposed algorithm

and thus, does not require to explicitly adapt and re-train the models accordingly. In addition to

this, with reduction in MFCC feature dimensionality, the proposed technique also leads to reduction

of computational complexity involved in decoding as well as in doing subsequent VTLN/CMLLR

adaptation compared to that in case of the default MFCC features.

7.6 Summary

Motivated by the effect of pitch on higher order coefficients of MFCC (C0 − C12) feature vector

in case of high pitch signals noted in Section 3.2.1 and Section 4.3, in this chapter, MFCC feature

truncation is explored for children’s speech recognition on the adults’ speech trained models. Following

the observations, the contribution of each of the coefficients of the 39-D MFCC feature vector in the

children’s ASR performance on the adults’ speech trained models is explored individually. The work

done in this chapter and the observations made in this study are summarized below.

• Significantly large improvement is obtained in the children’s ASR performance with increased

truncation of base MFCC features in comparison to the default length of 13.

• On exploring the role of MFCC feature truncation in the pitch mismatch reduction, it is noted

that the Mahalanobis distance of the high pitch signals with respect to low pitch speech trained

recognition models is significantly reduced on truncating the higher order coefficients of MFCC

(C0 − C12) features due to reduction in their pitch mismatch.

• With increased truncation, the VTL differences are also significantly reduced due to additional

spectral smoothing.
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• An automatic algorithm is proposed for utterance-specific truncation of MFCC features of test

signals for reducing their pitch mismatch with respect to the ASR models without any prior

knowledge about the speaker of the test utterance.

• Significantly large improvements are obtained in the children’s speech recognition performances

on the adults’ speech trained models using the proposed algorithm similar to that corresponding

to the best performance obtained by using fixed feature truncation for all test signals.

• Using the proposed algorithm, significant improvements are found in the children’s matched and

adults’ mismatched ASR performances as well with slight degradation in the adults’ matched

ASR performance.

• The improvements obtained in the ASR performances with the proposed algorithm are also found

to be additive to those obtained with the existing speaker normalization and model adaptation

techniques viz., VTLN and CMLLR with an additional advantage of reduction in the MFCC

feature dimensionality.
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8. Summary and Future Work

8.1 Summary of the Work

The main objective of this thesis is to characterize the pitch mismatch between the adults’ and the

children’s speech and to develop techniques for its reduction for improving children’s ASR performance

on adults’ speech trained models.

In the beginning of the work, the effect of differences in each of the acoustic correlates of speech viz.,

the pitch, the speaking rate, the formant frequencies and the glottal flow parameters (open quotient,

return quotient and speed quotient) across speech signals on MFCC features and on the HMM-based

ASR models is explored. The relative significance of each of these acoustic sources of mismatch for

children’s ASR on adults’ speech trained models is determined by explicitly normalizing the differences

in each of these acoustic correlates in children’s test speech signals with respect to the adults’ speech

trained models. It is found that, apart from the formant frequencies, the pitch is the other major

source of acoustic mismatch that significantly affects the children’s speech recognition performance.

The variances of the higher order coefficients of the 13-D default base MFCC features (C0 − C12)

are found to significantly increase with increase in the pitch of the signals. Significant improvement

is obtained in the children’s ASR performance with explicit pitch normalization of children’s speech

which is also shown to be additive to those obtained with the existing model adaptation techniques

viz., MLLR and CMLLR.

Motivated by the observed increase in variances of the higher order coefficients of 13-D base

MFCC features with increase in the pitch of the signals, the cause and the nature of the effect of

pitch on MFCC features is then explored in detail. It is shown with the help of the real and the

synthetic examples that some pitch-dependent distortions appear in the Mel spectral envelope for

high pitch signals due to insufficient smoothing of the pitch harmonics in the speech spectrum by

the non-uniform Mel filterbank. However, on account of the constant-Q type Mel filterbank used in

MFCC feature computation, there in no harmonicity in the pitch-dependent distortions appearing

in the Mel spectrum. As a result, no harmonicity appears in the Mel cepstrum corresponding to

those pitch-dependent distortions. Thus, the effect of these pitch-dependent distortions appears on all

Mel cepstral coefficients and can not be eliminated completely by cepstral truncation. Further, it is

shown that the effect of these pitch-dependent distortions on the default 13-D base MFCC features is

comparatively more on the higher order coefficients than on the lower order coefficients.

On observing the significant degradation in the children’s ASR performance due to pitch differences
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using MFCC features, we explored the pitch-robustness of other salient features viz., PLPCC and

PMVDR for children’s ASR in comparison to MFCC features. It is found that PLPCC features are

affected by the pitch variations across speech signals to a lesser extent compared to MFCC features.

However, after explicit pitch normalization of children’s speech better performance is obtained with

MFCC features compared to PLPCC features for children’s ASR on adults’ speech trained models.

On the other hand, with suitable optimization of model order PMVDR features are found to be more

pitch-robust than default MFCC features. However, the children’s ASR performance obtained with

PMVDR features after optimization of its model order for children’s speech is found to be comparable

to that obtained with MFCC features after explicit pitch normalization of children’s speech.

ML-based explicit pitch normalization approach is computationally expensive and its performance

is subject to the accuracy of the pitch marks. Also, PMVDR feature computation requires twice the

number of operations compared to that for MFCC feature computation. Therefore, further, suitable

modifications are explored for MFCC feature computation for improving children’s speech recognition

on adults’ speech trained models without explicit pitch normalization of children’s speech.

First, an algorithm is proposed for normalizing the pitch differences across speech signals during

MFCC feature extraction itself. The proposed pitch normalization algorithm increases the bandwidths

of selected filters in the Mel filterbank so as to effect proper smoothing of the pitch harmonics in the

speech spectrum. The filterbank structure is modified during MFCC feature extraction for each

children’s test speech signal according to the average pitch of the test signal using the proposed pitch

normalization algorithm. Significant relative improvements of 16% (on connected digit recognition

task) and 9% (on continuous speech recognition task) are obtained in the children’s ASR performance

using the proposed filterbank based method for pitch normalization comparable to those obtained

with explicit pitch normalization. The proposed algorithm for utterance-specific modification of the

bandwidths of only selected filters in the filterbank is noted to give larger improvement than those

obtained in earlier works either by explicitly modifying the bandwidths of all filters or by reducing the

number of filters in the filterbank. The improvements with the proposed algorithm are also found to be

additive to those obtained with the existing speaker normalization and model adaptation techniques

viz. VTLN and CMLLR for children’s ASR.

Later, on observing the effect of pitch on higher order coefficients of MFCC features in case of high

pitch signals, further truncation of 13-D MFCC (C0 − C12) features is explored for children’s speech
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recognition on the adults’ speech trained models. It is found that significantly large improvement is

obtained in the children’s ASR performance with increased truncation of MFCC features in comparison

to the default base feature length of 13. On further exploring the role of MFCC feature truncation

in the pitch mismatch reduction, it is noted that the Mahalanobis distance of the high pitch signals

with respect to low pitch speech trained recognition models is significantly reduced on truncating the

higher order coefficients of MFCC features due to reduction in their pitch mismatch. Also, it is noted

that with increased truncation, the vocal tract length differences are also significantly reduced due to

the additional spectral smoothing resulting on account of cepstral truncation.

Based on these observations, an automatic algorithm is proposed for utterance-specific truncation

of 13-D base MFCC features of test signals for reducing their pitch mismatch with respect to the

ASR models without any prior knowledge about the speaker of the test utterance. Significantly large

relative improvements of 38% (on connected digit recognition task) and 36% (on continuous speech

recognition task) are obtained in the children’s speech recognition performances on the adults’ speech

trained models using the proposed algorithm. Significant relative improvements are found in the

children’s matched ASR performance (49% and 31% on connected digit recognition and continuous

speech recognition tasks, respectively) and adults’ mismatched ASR performance (35% and 10% on

connected digit recognition and continuous speech recognition tasks, respectively) as well with slight

degradation in the adults’ matched ASR performance. Interestingly, the improvements obtained in

the ASR performances with the proposed algorithm are also found to be additive to those obtained

with the existing speaker normalization and model adaptation techniques viz., VTLN and CMLLR

with an additional advantage of reduction in the MFCC feature dimensionality.

8.2 Contributions of the Work

In this work, an effort is made to address the pitch mismatch in context of children’s ASR. The

salient contributions made in this thesis are:

• The relative significance of various acoustic sources of mismatch (pitch, speaking rate, formant

frequencies, glottal flow parameters) has been determined for children’s ASR on adults’ speech

trained models. It has been shown that, from the perspective of ASR, the pitch is the second

most important source of acoustic mismatch between adults’ and children’s speech after formant

frequencies.
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• The effect of pitch has been characterized on the most commonly used MFCC features. It is

shown that due to insufficient smoothing of the pitch harmonics by the non-uniform Mel filter-

bank, some non-harmonic pitch-dependent distortions appear in the smoothed Mel spectrum.

Also, it is shown that the effect of these pitch-dependent distortions which is comparatively more

on the higher order coefficients than on the lower order coefficients of the 13-D base MFCC fea-

tures can not be eliminated completely by cepstral truncation.

• The pitch-robustness of PLPCC and PMVDR features has been explored in context of their

efficacy for children’s ASR on adults’ speech trained models in comparison to MFCC features. It

is shown that though with suitable optimization of model order PMVDR features are more pitch-

robust than MFCC and PLPCC features, they give children’s ASR performance comparable to

that obtained with MFCC features after explicit pitch normalization of children’s speech.

• An utterance-specific pitch adaptive Mel filterbank modification algorithm has been proposed

for pitch normalization of children’s speech for their recognition on adults’ speech trained models

using MFCC features. The improvement obtained in the children’s ASR performance using the

proposed Mel filterbank adaptation algorithm is comparable to that obtained with explicit pitch

normalization approach.

• The role of MFCC feature truncation in pitch mismatch reduction has been identified and

demonstrated experimentally. It is noted that significant improvement is obtained in the ASR

performance for high pitch signals on low pitch speech trained recognition models on truncating

the higher order coefficients of MFCC features.

• An utterance-specific MFCC feature truncation algorithm has been proposed for pitch mismatch

reduction between training and test speech data without prior knowledge about the speaker of

the test utterance for ASR. A large improvement is obtained in the ASR performance under

acoustically mismatched condition with much reduced computational complexity using the pro-

posed truncation algorithm.

8.3 Scope for the Future Work

The proposed algorithms in this work are shown to provide significant improvements for children’s

(high pitch) speech recognition on adults’ (low pitch) speech trained acoustic models for neutral speech
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case. It is already known from literature that in comparison to neutral speech pitch is significantly

different for stressed/emotional speech. For instance, it is reported in [141] that the mean pitch values

of angry speech are around 100-150 Hz more than those of neutral speech. So, the degradation in

the ASR performance for stressed/emotional speech on models trained on neutral speech are partly

attributed to the differences in their pitch values. The proposed filterbank based pitch normalization

algorithm addresses the pitch mismatch and thus, can be explored for stressed/emotional speech

recognition on ASR models trained on neutral speech.

The proposed MFCC feature truncation based algorithm for pitch mismatch reduction gives large

improvement in children’s ASR on adults’ speech trained models. However, increase in cepstral trun-

cation might cause the loss of the relevant spectral information. To avoid this, the heteroscedastic

linear discriminant analysis (HLDA)-based transformations can be explored for optimal selection of

base MFCC features length. Interestingly, a study has been reported which explores combination of

CMLLR and HLDA for speaker adaptation for adults’ ASR [142]. Similar study, thus, can be ex-

plored for addressing the acoustic mismatch for children’s ASR which is expected to further enhance

the performance of the children’s speech recognition on adults’ speech trained models.

In this thesis, all ASR evaluations have been done using narrowband speech data. From wideband

to narrowband speech, greater loss of spectral information occurs in the children’s speech spectra in

comparison to adults’ speech spectra [65,66]. So, the studies reported in this thesis may be reviewed

for children’s speech recognition on ASR systems using wideband speech data. The work in this thesis

is to address the pitch mismatch whose effect has been noted predominantly on the lower frequency

region of the speech spectrum. So, most of the observations made in this work would remain same

with increase in the signal bandwidth. But, it would be interesting to explore the effect of signal

bandwidth particularly on the correlation between the pitch mismatch and the MFCC features length

used for developing the adaptive MFCC feature truncation algorithm proposed in this thesis.
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A. Mel Frequency Cepstral Coefficients

A.1 Mel Frequency Cepstral Coefficient (MFCC) Computation

In a typical Mel frequency cepstral coefficient (MFCC) feature extraction process [90], the first

step is to pre-emphasize and windowing the speech signal to divide it into short-time frames. After

windowing, discrete Fourier transform (DFT) is used to find the magnitude spectrum of each frame.

Here we perform filter bank processing to the magnitude spectrum, which uses Mel scale. Discrete

cosine transformation (DCT) is then applied to the log of the Mel-warped magnitude spectrum to

compute MFCC coefficients. The detailed description of various steps involved in MFCC feature

extraction is explained below.

(i) Pre-emphasis: The speech signal has an overall spectral slope of -6dB per octave due to the

combined effect of glottal pulse roll-off (-12dB per octave [143]) and the lip radiation (+6dB

per octave). This slope is compensated by performing pre-emphasis on the speech signal using

a pre-emphasis filter. The most commonly used pre-emphasis filter is given by the following

transfer function:

H(z) = 1− az−1 (A.1)

where, the value of a controls the slope of the filter and is usually between 0.9 to 1.0.

(ii) Frame Blocking and Windowing: The speech signal is a slowly time-varying or quasi-

stationary signal. Therefore, speech analysis is always carried out on short-time speech segments

across which the speech signal is assumed to be stationary. Short-time spectral measurements

are typically carried out using an analysis window of length equal to 20-25 ms. Usually, the

frames are set to overlap so that their centers lie only 10 ms apart. This enables the temporal

characteristics of individual speech sounds to be tracked. Generally, Hanning or Hamming

window [143], is used for analysis so that the values near the edges become zero. This is done to

enhance the harmonics, smooth the edges and to reduce the discontinuities at the edges while

taking the DFT on the signal.

(iii) DFT Spectrum: Each windowed speech frame is converted into its frequency domain repre-

sentation by applying DFT as given in Eqn. A.2 [144]. This results in a short-term magnitude

spectrum of a speech frame. Here phase information is discarded because it does not carry useful

information from the hearing perspective.
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X(k) =

N−1
∑

n=0

x(n)e
−j2πnk

N for 0 ≤ k ≤ N − 1 (A.2)

where, N is the number of points used to compute the DFT.

(iv) Mel Filterbank Processing: A Mel-warped spectrum is computed by passing the Fourier

transformed signal through a set of band-pass filters known as Mel filterbank. A Mel is a unit of

measure based on the human ear’s perceived frequency. The Mel scale is, therefore, a mapping

between the physical frequency scale (Hz) and the perceived frequency scale (Mel). The Mel

scale has approximately a linear frequency spacing below 1 kHz and a logarithmic spacing above

1 kHz [145]. The approximation of Mel from physical frequency can be expressed as [146]:

fmel = 2595 log10

(

1 +
f

700

)

(A.3)

where, f denotes the physical frequency in Hz, and fmel denotes the perceived frequency.

Filter banks can be implemented in both time domain and frequency domain. For MFCC

computation, filter banks are generally implemented in frequency domain. The center frequencies

of the filters are normally evenly spaced on the frequency axis. However, in order to mimic the

human ears’ perception, the warped axis according to the non-linear function given in Eqn. A.3,

is implemented. The bandwidths of the filters are decided based on the critical bandwidth

phenomena [2] noted in the psychoacoustic studies for human auditory perception such that

each pair of consecutive filters have 50% overlapping. The most commonly used filter shaper is

triangular, and in some cases the Hanning filter can be found [143].

The Mel-warped spectrum of the Fourier transformed magnitude spectrum X(k) is computed

by multiplying the magnitude spectrum by each of the of the triangular Mel weighting filters as:

s(m) =

N−1
∑

k=0

[

|X(k)|2Hm(k)
]

for 0 ≤ m ≤M − 1 (A.4)

where, M is total number of triangular Mel weighting filters [147].

(v) Discrete Cosine Transform (DCT): Since the vocal tract is smooth, the energy levels in

adjacent bands tend to be correlated. A set of de-correlated cepstral coefficients are obtained

by applying DCT to the logarithm of the transformed Mel frequency coefficients. Since DCT
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gathers most of the information in the signal to its lower order coefficients, by discarding the

higher order coefficients significant reduction in computational cost and robustness of systems

can be achieved [143]. Typically, first 13 coefficients are chosen for speech recognition. Finally,

MFCC is calculated as [143]:

c(n) =

M−1
∑

m=0

log10 (s(m)) cos

(

πn(m− 0.5)

M

)

; n = 0, 1, 2, ..., C − 1 (A.5)

where, c(n) are the cepstral coefficients and C is the number of MFCCs. The logarithm of

the energy for the frame (i.e., the zeroth order coefficient) is added to Mel frequency cepstral

coefficients because different phonemes may have different energy.

(vi) Dynamic MFCC Features: The cepstral coefficients described so far are referred to as the

static features, since they capture only the average frequency distribution for a given frame. The

extra information about the temporal dynamics of the signal is obtained by computing first and

second derivatives of cepstral coefficients [148–150]. The first order derivative is called delta co-

efficients and the second order derivative is called delta-delta coefficients. Delta coefficients tells

about the speech rate and the delta-delta coefficients gives an information similar to acceleration

of speech.

The commonly used definition for computing dynamic parameter is [148]:

∆cm(n) =

∑T
i=−T kicm(n + i)
∑T

i=−T |i|
(A.6)

where, cm(n) denotes the mth feature for the nth time frame, ki is the ith weight and T is the

number of successive frames used for computation. Generally, T is taken as 2.

146

TH-1042_06610209



B
Hidden Markov Models

Contents

B.1 Hidden Markov Model (HMM) . . . . . . . . . . . . . . . . . . . . . . . . . 148

147

TH-1042_06610209



B. Hidden Markov Models

B.1 Hidden Markov Model (HMM)

Hidden Markov model (HMM) is the mainstream of acoustic modeling in almost all practical large

vocabulary ASR systems [151]. In HMM based acoustic modeling, the acoustic model consists of an

HMM for each of the basic modeling unit, e.g., a word for a small vocabulary of training speech data.

For large vocabulary ASR, usually an HMM is constructed for each phone. The HMM of a word is

then constructed by concatenating corresponding phone-specific HMMs. We can further concatenate

HMMs of words to construct the HMM of the whole string that contains multiple words.

Given the observation vector ot at time t, the parameter set that defines a continuous density

HMM, λ, having S discrete states where each state is modeled by a M -mixtures Gaussian density

function, comprises of:

(i) A = {aij ; 1 ≤ i, j ≤ S}, transition probabilities between two states

(ii) B = {bj(ot) ; 1 ≤ j ≤ S}, observation probabilities of states

(iii) π = {πi ; 1 ≤ i ≤ S}, initial probabilities of the states

A typical left-to-right HMM topology, represented by two special non-emitting states in a HMM, is

used in the ASR systems. The two non-emitting states include an entry state and an exit state which

are reached only once. Because they do not generate any observation, none of them has an emitting

probability density. The initial probabilities are, thus, simply π1 = 1 and πi = 0 for i 6= 1.

The algorithms used for training (setting parameters of the model from observations) and testing

(decoding a test utterance to hypothesize a word string) the acoustic models of the continuous density

HMM-based isolated unit ASR systems are described below.

B.1.1 Training

The parameters of the HMMs viz., the state transition probabilities, the Gaussian mixture weights

and the means and variances of the Gaussian distributions are learned in a data-driven manner using

the Baum-Welch re-estimation algorithm [152]. The algorithm performs the maximum likelihood

training of HMM parameters using a variation of the expectation-maximization (EM) algorithm [153].

Given an initial model λ and the observation sequence O = {o1,o2, ...,oT }, each iteration increases

the likelihood of the observation sequence i.e., P (O|λ) till it converges to a local maximum. The

function P (O|λ) is called the likelihood function.
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First, a rough guess of the parameter values A, B and π of an initial model λ is made, using either

a flat start training or a segmental K-means algorithm [154]. The segmental K-means algorithm for

initialization of models is implemented as:

π = {πi} (B.1)

where, πi = P (i1 = i), Probability of being in state i at t = 1.

A = {aij} (B.2)

where, aij = P (it+1 = j|it = i), Probability of being in state j at time t + 1 given that we were in

state i at time t. aij’s are assumed to be independent of time.

B = {bj(ot)} (B.3)

where, bj(ot) =
∑M

m=1 cjmN (ot;µjm,Σjm), Output probability of the observation ot given that we

are in state j. Here,

N (ot;µjm,Σjm) =
1

√

(2π)D|Σjm|
e−

1

2
(ot−µjm)TΣ

−1

jm(ot−µjm) (B.4)

is a multivariate Gaussian density with D representing the dimension of the feature vector ot and cjm,

µjm and Σjm are the weight, mean vector, and covariance matrix of the mth Gaussian component of

the mixture distribution in state j, respectively.

On the other hand, in flat start training, all models are initialized to be identical with means and

variances of each state being equal to the global mean and variance of training speech data. In this

thesis, the parameters of the HMM-based models are initialized using the flat start training approach.

Given the observation sequence O = {o1,o2, ...,oT } and the model λ = (A,B, π), subject to the

stochastic constraints

S
∑

j=1

πj = 1 (B.5)

S
∑

j=1

aij = 1 for 1 ≤ i ≤ S (B.6)

M
∑

m=1

cjm = 1 for 1 ≤ j ≤ S (B.7)
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∫ ∞

−∞

bj(ot)dot = 1 for 1 ≤ j ≤ S (B.8)

more accurate parameter values of the model are found by using the Baum-Welch re-estimation for-

mulae:

π̂i =
α1(i)β1(i)
∑S

j=1 αT (j)
= γ1(i) (B.9)

âij =

∑T−1
t=1 αt(i)aijbj(ot)βt(j)
∑T−1

t=1 αt(i)βt(i)
=

∑T−1
t=1 ξt(i, j)

∑T−1
t=1 γt(i)

(B.10)

ˆcjm =

∑T
t=1 γt(j,m)

∑T
t=1

∑M
m=1 γt(j,m)

(B.11)

ˆµjm =

∑T
t=1 γt(j,m).ot
∑T

t=1 γt(j,m)
(B.12)

ˆΣjm =

∑T
t=1 γt(j,m).(ot − µjm)(ot − µjm)T

∑T
t=1 γt(j,m)

(B.13)

where,

γt(i) = P (it = i|O, λ) (B.14)

defines the probability of being in state i at time t,

γt(j,m) =

[

αt(j)βt(j)
∑S

j=1 αt(j)βt(j)

][

cjmN (ot;µjm,Σjm)
∑M

m=1 N (ot;µjm,Σjm)

]

(B.15)

defines the probability of being in state j at time t with the mth mixture component accounting for

ot, and

ξt(i, j) = P (it = i, it+1 = j|O, λ) (B.16)

defines the probability of being in state i at time t and making a transition to state j at time t + 1.

Hence,
T−1
∑

t=1

γt(i) = Expected number of transitions from state i (B.17)

T−1
∑

t=1

ξt(i, j) = Expected number of transitions from state i to state j (B.18)

Therefore, the re-estimation formula for πi is the probability of being in state i at time t = 1. The

formula for aij is the ratio of expected number of times of making a transition from state i to state j

to the expected number of times of making a transition out of state i.
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B.1.2 Testing

For an acoustic signal, given the observation sequence O, the speech recognition using HMMs

employs Bayes rule is given as:

λ̂ = argmax
λ

P (λ|O) =
P (λ)P (O|λ)

P (O)
(B.19)

which finds the most likely model λ for the given observation sequence O. Here, P (λ) determines the

probability of model which is estimated using language models, P (O|λ) is the conditional probability

of the occurrence of the observation sequence O given the model λ and P (O) is the probability of

the observation sequence which is independent of the model λ. Therefore, the problem is to find

the maximum value of the product of P (λ) with P (O|λ). This requires to determine the maximum

value of the probability P (O|λ) across all trained models. Since, the observations are generated by

states which are hidden, it is required to determine the hidden state sequence that can generate the

observation sequence O given the model λ.

Thus, in decoding, given the model λ = (A,B, π), the problem is to find a state sequence I =

{i1, i2, ..., iT } so that the joint probability of the observation sequence O = {o1,o2, ...,oT } and the

state sequence given the model is maximized. For identifying the underlying hidden state sequence I

that maximizes P (O, I|λ), a dynamic programming algorithm known as the Viterbi algorithm [152]

is used. It is an inductive algorithm in which at each instant you keep the state sequence giving the

maximum probability for each of the S states as the intermediate state for the desired observation

sequence O = {o1,o2, ...,oT }. In this way, you finally have the best path for each of the S states

as the last state for the desired observation sequence. Out of these, we select the one which has the

highest probability. The step-by-step implementation of the Viterbi algorithm is described below:

(i) Initialization: For 1 ≤ i ≤ S

δ1(i) = − ln(πi)− ln(bi(o1)) (B.20)

ψ1(i) = 0 (B.21)

(ii) Recursive Computation: For 2 ≤ t ≤ T and 1 ≤ j ≤ S

δt(j) = min
1≤i≤S

[δt−1(i) − ln(aij)]− ln(bj(ot)) (B.22)
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ψt(j) = arg min
1≤i≤S

[δt−1(i)− ln(aij)] (B.23)

(iii) Termination:

P ∗ = min
1≤i≤S

[δT (i)] (B.24)

q∗T = arg min
1≤i≤S

[δT (i)] (B.25)

(iv) Tracing back the optimal state sequence: For t = T − 1, T − 2, ..., 1

q∗t = ψt+1(q
∗
t+1) (B.26)

Hence, exp(−P ∗) gives the required state-optimized probability, and Q∗ = {q∗1 , q
∗
2, ..., q

∗
T } is the

optimal state sequence.
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C. Perceptual Linear Prediction Cepstral Coefficients

C.1 Perceptual Linear Prediction Cepstral Coefficient (PLPCC) Com-
putation

Perceptual linear prediction (PLP), introduced in [122], uses several concepts from psychophysics

of hearing for frequency weighting to determine an estimate of auditory spectrum. The auditory

spectrum is then approximated by an autoregressive low-order all pole model. As a result, PLP

spectrum does not reflect speaker-dependent details of the spectrum of speech, merging the higher

resonance spectral peaks.

The basic steps involved in a typical perceptual linear prediction cepstral coefficient (PLPCC)

feature computation process are described below.

(i) Spectral Analysis: As speech is quasi-stationary, the speech signal is divided into frames and

weighted by an analysis window, which is often a Hamming window.

W (n) = 0.54 + 0.46 cos[2πn/(N − 1)] (C.1)

where N is the length of the Hamming window. Generally, the short-time spectral measurements

are carried over using a analysis window of size 20-25 ms such that the frames are overlapping

with their centers being only 10 ms apart. After windowing, discrete Fourier transform (DFT)

is used to convert the windowed speech frame to its frequency domain representation as given

in Eqn. C.2 [144].

X(k) =

N−1
∑

n=0

x(n)e
−j2πnk

N for 0 ≤ k ≤ N − 1 (C.2)

where N is the number of points used to compute the DFT. The real and imaginary components

of the short-term speech spectrum are squared and added to get the short-term power spectrum

as:

P (ω) = Re[S(ω)]2 + Im[S(ω)]2 (C.3)

(ii) Critical Band Analysis: Using critical bands for speech analysis is important from the point

of hearing mechanism. Critical band for a given center frequency is defined to be the smallest

band of frequencies around it which activates the same part of the basilar membrane of the ear.
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Consecutive tones lying in the same critical band do not increase the perceived loudness over

that of the single tone if they have all the same sound pressure. Therefore critical bandwidth

is used to represent the ear’s resolving power for simultaneous tones. After finding the power

spectrum P (ω) it is warped along its frequency axis ω into the Bark frequency Ω by [155]:

Ω(ω) = 6 ln

[

ω

1200π
+

[

[ ω

1200π

]2
+ 1

]0.5
]

(C.4)

where ω is the angular frequency in rad/s. The resulting warped power spectrum is convolved

with the power spectrum of the simulated critical-band [156] masking curve Ψ(Ω) using Eqn. C.5.

Ψ(Ω) =















































0 for Ω < −1.3,

102.5(Ω+0.5) for − 1.3 ≤ Ω ≤ −0.5,

1 for − 0.5 < Ω < 0.5,

10−1.0(Ω−0.5) for 0.5 ≤ Ω ≤ 2.5,

0 for Ω > 2.5

(C.5)

The discrete convolution of Ψ(Ω) with P (ω) yields samples of the critical-band power spectrum

as:

Θ(Ωi) =

2.5
∑

Ω=−1.3

P (Ω− Ωi)Ψ(Ω) (C.6)

This convolution reduces the spectral resolution of Θ(Ω) in comparison with the original P (ω).

The Bark scale spectrum Θ(Ω) is then down-sampled by resampling every one Bark. Typically,

18 spectral samples of Θ[Ω(ω)] are used to cover the 0-16.9 Bark (0-5 kHz) analysis bandwidth

in 0.994 Bark steps.

(iii) Equal Loudness Pre-emphasis: The sampled Θ[Ω(ω)] is pre-emphasized by the simulated

equal loudness curve given in Eqn. C.7.

E[Ω(ω)] = E(ω)Θ[Ω(ω)] (C.7)

The function E(ω), adopted from [157], simulates the non-equal sensitivity of human hearing at

about 40dB level and is given by:
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E(ω) = [(ω2 + 56.8 × 106)ω4]/[(ω2 + 6.3 × 106)2 × (ω2 + 0.38× 109)] (C.8)

The last equation is the transfer function of a filter with asymptotes of 12dB/oct between 0 and

400 Hz, 0dB/oct between 400 and 1200 Hz, 6dB/oct between 1200 and 3100 Hz, and 0dB/oct

between 3100 Hz and the Nyquist frequency. This approximation is well up to 5000 Hz. This

equation is used to simulate hearing resolution power.

Finally, the first (0 Bark) and the last (Nyquist Frequency) samples are not well defined and so,

are made equal to the values of their nearest neighbors. Thus, E[Ω(ω)] begins and ends with

two equal-valued samples.

(iv) Intensity Loudness Power-Law: To approximate the power law of hearing [158], cubic root

amplitude compression is applied after the PLP filterbank.

Φ(Ω) = E(Ω)0.33 (C.9)

This operation simulates the nonlinear relation between the intensity of sound and its perceived

loudness. This also allows low order all-pole modeling because, together with the psychophysical

equal-loudness pre-emphasis, it reduces the spectral amplitude variation of the critical band

spectrum. Low model order is necessary to reduce the computational cost.

(v) Autoregressive Modeling: Here, Φ(Ω) is approximated by the spectrum of an all-pole model

using the autocorrelation method of an all-pole spectral modeling. Inverse DFT (IDFT) is ap-

plied to Φ(Ω) to yield the autocorrelation function dual to Φ(Ω). The firstM+1 autocorrelation

values are used to solve the Yule-Walker equations for the autoregressive coefficients of the M th

order all-pole model.

(vi) Cepstral Coefficients: The perceptual linear predictive cepstral coefficient (PLPCC) are

computed from the PLP coefficients obtained in the last step using the recursion formula [119]

as :

c1 = a1 (C.10)
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cn =

n−1
∑

k=1

(1− k/n)akcn−k + an , 1 < n < M (C.11)

The cepstral coefficients described so far are referred to as the static features which capture only

the average frequency distribution for a given frame. The extra information about the temporal

dynamics of the signal is obtained by computing the first order derivatives (delta coefficients) and

the second order derivatives (delta-delta coefficients) of the static cepstral coefficients [148–150]

as :

∆cm(n) =

∑T
i=−T kicm(n+ i)
∑T

i=−T |i|
(C.12)

where cm(n) denotes the mth feature for the nth time frame, ki is the ith weight and T is the

number of successive frames used for computation. Generally, T is taken as 2.
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D.1 Perceptual Minimum Variance Distortionless Response (PMVDR)
Cepstral Coefficient Computation

The basic idea behind the perceptual minimum variance distortionless response (PMVDR) cepstral

coefficient referred to as ‘PMVDR’ features [127] is to use the minimum variance distortionless response

(MVDR) [129] spectral estimator and directly perform the warping of the discrete Fourier transform

(DFT) power spectrum rather than using a filterbank based processing.

The step-by-step description of the PMVDR feature extraction process is given below:

(i) The speech signal is first pre-emphasized using a filter having a transfer function as:

H(z) = 1− az−1 (D.1)

where the value of a controls the slope of the filter and is usually between 0.9 to 1.0. The pre-

emphasized speech signal is then divided into frames of length N and weighted by an analysis

window, usually a Hamming window of size 20-25 ms. The short-time spectral measurements

are carried over such that the frames are overlapping with their centers being only 10 ms apart.

After windowing, DFT is used to convert the windowed speech frame to its frequency domain

representation as given in Eqn. D.2 [144].

X(k) =
N−1
∑

n=0

x(n)e
−j2πnk

N ; 0 ≤ k ≤ N − 1 (D.2)

where N is the number of points used to compute the DFT. The real and imaginary components

of the short-term speech spectrum are squared and added to get the short-term power spectrum

as:

P (ω) = Re[S(ω)]2 + Im[S(ω)]2 (D.3)

(ii) The entire 2π warped frequency range, to which the DFT power spectrum is to be scaled, is

divided into N equi-spaced points. This gives the N linearly spaced spectral points over the

warped frequency space.

ω̂[i] = 2iπ/N , i = 0, ..., N − 1 (D.4)
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(iii) The linear frequencies and the DFT indices that correspond to these warped frequencies are

calculated as:

ω[i] = tan−1 (1− α2) sin(ω̂[i])

(1 + α2) cos(ω̂[i]) + 2α
, i = 0, ..., N − 1 (D.5)

k̂[i] =
ω[i]N

2π
, i = 0, ..., N − 1 (D.6)

(iv) An interpolation of the nearest linear spectral values is performed to obtain the warped spectral

value

kl[i] = min(N − 2, k̂[i]) , i = 0, ..., N − 1 (D.7)

ku[i] = max(1, kl[i] + 1) , i = 0, ..., N − 1 (D.8)

Ŝ[i] = (ku[i]− k̂[i])S[kl[i]] + (k̂[i]− kl[i])S[ku[i]] (D.9)

where, kl[i] is the lower nearest linear DFT bin, ku[i] is the nearest upper linear DFT bin and Ŝ[i]

is the value of the warped power spectrum that corresponds to DFT bin i. Thus, the spectral

value Ŝ[i], at the warped frequency index k̂[i], is computed as the linear interpolation of nearest

upper, S[ku[i]], and lower, S[kl[i]], spectral values in the linear frequency space.

(v) The “perceptual autocorrelations lags” are computed by taking the inverse DFT of the “percep-

tually warped” power spectrum Ŝ. A pth order linear prediction (LP) analysis is then performed

to obtain p LP coefficients via LevinsonDurbin recursion using the perceptual autocorrelation

lags [159,160].

(vi) The pth order MVDR spectrum for all frequencies is computed in a parametric form from the

LP coefficients ai using Eqn. D.10 [128,161].

µ(k) =











1
pe

∑p−k
i=0 (p+ 1− k − 2i)aia

∗
i+k , k = 0, ..., p

µ∗(−k) , k = −p, ...,−1
(D.10)

(vii) The final cepstrum coefficients are obtained using the straightforward DFT-based approach [144].

In this approach, after obtaining the MVDR coefficients from the perceptually warped spectrum

Ŝ, we take the DFT of the parametrically expressible MVDR spectrum. After taking log, we ap-
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ply inverse DFT (IDFT) to return back to the cepstral domain. The resulting firstM coefficients

are the M static PMVDR cepstral coefficients.

The dynamic PMVDR cepstral coefficients which capture the extra information about the tem-

poral dynamics of the signal are obtained by computing the first order derivatives (delta coeffi-

cients) and the second order derivatives (delta-delta coefficients) of the static PMVDR cepstral

coefficients as [148–150]:

∆cm(n) =

∑T
i=−T kicm(n + i)
∑T

i=−T |i|
(D.11)

where cm(n) denotes the mth feature for the nth time frame, ki is the ith weight and T is the

number of successive frames used for computation. Generally, T is taken as 2.
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