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Abstract

Children’s speech production system distinguishes itself from the adults’ by shorter

vocal tract length and higher pitch value. Due to shorter vocal tract length, formant

frequency values shift to higher band (3400-8000 Hz) region. The higher pitch

value results in relatively more fluctuations in the spectrum as compared to adults.

Narrowband (NB, 300-3400 Hz) automatic speech recognition (ASR) performance

therefore degrades due the loss of higher band spectral content and fluctuating

spectrum which is more significant in children’s speech compared to adults’ speech.

The effort of this work is to develop methods that restores higher band spectral

information using the mutual information between narrowband and higher band

spectra. In this work, these are collectively termed as artificial bandwidth extension

(ABWE) methods.

The ASR is a connected digit recognition task which has models trained using speech

of adults, and tested using speech of either adults or children. The testing case with

adults’ speech is termed as matched condition, where as, testing using children’s

speech is termed as mismatched condition. The connected digit recognition task is

carried out under mismatched condition for narrowband, wideband (50 - 8000 Hz),

and artificially extended wideband cases. The ABWE using an existing approach

significantly improves the performance of children’s speech recognition under mis-

matched condition. It is also observed that ABWE further improves performance

on top of VTLN and truncation of coefficients to minimize pitch mismatch effect,

demonstrating the significance of ABWE for improving children’s ASR performance

under mismatched condition.
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One direction for developing ABWE methods for children’s speech recognition un-

der mismatched condition is to observe the causes for the mismatch. The significant

variability in the distribution of features across different classes. As a result, mod-

elling the entire distribution using a single Gaussian mixture model (GMM) is a poor

representation. Therefore class-specific modelling can be exploited for ABWE. The

broad group of children (06-15 years) has significant variability in itself due to vocal

tract length variation, changes in pitch values and also speaking rate. Therefore

age-specific information can be exploited for ABWE. Also, the significant variabil-

ity in the speaking rate can be captured in terms features that capture dynamic

variability like delta features. The effectiveness of identified causes for mismatch

like class specific, age specific and delta features can be first verified using statistical

measures like mutual information, entropy, the ratio of mutual information to en-

tropy and separability. The measured statistical measures indeed show significant

variability between NB and higher band using the identified causes of mismatches.

The ABWE methods using class specific, age specific and delta features are devel-

oped and used in the children’s speech recognition under mismatched condition. All

of them show improvement in performance. A computationally efficient architecture

for mel frequency cepstral coefficients (MFCC) based ABWE for ASR is developed

that avoids vocoder framework for bandwidth extension. In the proposed method,

the narrowband MFCC is directly converted into wideband MFCC thus avoiding

the synthesis process.

Sparse representation based ABWE (SR-ABWE) algorithm is proposed using cou-

pled dictionaries. To further enhance SR-ABWE, least square transformation has

been developed to estimate wideband codes from NB interpolated codes. This is

supported by the benchmark performance of look-up table mapping to estimate WB

codes. Existing semi-coupled dictionary learning (SCDL) method has been explored

for ABWE (SC-ABWE). This is proposed earlier for image-style-transformation ap-

plication. SCDL algorithm learns bidirectional transformation iteratively with dic-
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tionary learning. These dictionaries have not fully coupled and hence provide more

freedom to the transformation. An improvement in the performance of SC-ABWE

is observed in terms of objective quality measures. The significance of SR-ABWE

is also demonstrated in children’s ASR.

Keywords: children’s speech, adults’ speech, narrowband, wideband, ABWE, mis-

matched ASR, MFCC based ABWE, Sparse representation based ABWE.
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1. Introduction

Most of the available automatic speech recognition (ASR) systems are developed using

speech data collected from adult population. If this ASR system is tested from speech of adult

speakers, then it is termed as matched condition. Alternatively, if the ASR system is tested

using children’s speech, then it is termed as mismatched condition. Since the structure and

dynamics of the speech production systems are quite different in case of children and adult, a

significant degradation in ASR performance is expected for children’s speech recognition under

mismatched condition. The objective of this thesis work is to develop methods for improving

children’s speech recognition under mismatched condition. Children’s speech production system

has distinguished itself from that of adults’ in terms of shorter vocal tract length, higher pitch

value, and slower speaking rate. Shorter vocal tract length results in higher formant frequencies,

and hence the energy in the higher band (HB) is expected to be more. Because of this, children’s

speech requires higher bandwidth for better perception, and also improving ASR performance.

The goal of the work is, given narrowband (NB) speech (0-3.4 kHz), develop methods for

constructing the spectral information in the higher band (3.4-8 kHz). The process is termed as

artificial bandwidth expansion (ABWE). The ABWE for children’s speech is more challenging

because of high variance of acoustic-phonetic parameters. The efficacy of the developed ABWE

methods is demonstrated in the context of children’s speech recognition under mismatched

condition.

1.1 Nature of children’s and adults’ speech signals

The nature of children’s and adults’ speech signals can be observed by plotting them in

different ways. Figure 1.1 plots the speech waveforms, wideband and narrowband spectrograms,

short term magnitude spectra, LP spectra and smoothed spectra based on cepstral analysis for

children’s and adults’ speech signals for the digit sequence “one three five seven”. All the

subplots in the first column are for the children’s case and that of second second column for

adults’ case. Important distinctions among the two categories of speech are obvious in the

different plots. The longer duration of children’s speech signal indicates that the speaking rate

for children is low compared to that of adults (Figures 1.1 (a) and 1.1 (b)). On an average,
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1.1 Nature of children’s and adults’ speech signals

the duration of each digit in children’s speech is about 1.32 times of adults’ speech. The

distribution of spectral energy in the higher frequencies for the case of children’s speech can be

observed in case of wideband spectrograms (Figures 1.1 (c) and 1.1 (d)). About 40% of total

spectral energy is in the higher frequency range (4-8 kHz) in case of children’s speech, where as

only about 10% of total energy is in higher frequency range for adults’ case. The narrowband

spectrograms given in Figures 1.1 (e) and 1.1 (f) illustrate about the high pitch values present

in case of children’s speech. The higher pitch values and also larger spectral dynamics in case

of children can be observed with the help of short term spectra given in Figures 1.1 (g) and 1.1

(h). The children’s speech has a pitch value of about 300 Hz where as it is about 100 Hz for

adults’ case. The spectral dynamics representing peak to valley in case of children’s speech is

about two times that of adults’ case. The LP spectra plotted in Figures 1.1 (i) and 1.1 (j) shows

shift in the formant values towards higher frequency range for the children’s speech and hence

the need for high band (HB) information for children’s speech recognition. Children’s speech

has only 3 formants in 0-4 kHz range and adults’ case has most of the formants within 0-4

kHz range. In Figures 1.1 (k) and 1.1 (l) shows cepstrally smoothed spectral plots. Solid line

shows spectrum from all 26 coefs, where as dotted line shows spectrum from retaining only 13

coefficients. The fluctuations are more in case of children’s speech compared to adults’ speech.

Significant gain in terms reducing fluctuations is achieved by reducing number of coefficients

from 26 to 13 in case of children’s speech. The plots reinforce the observations that children’s

speech will have shift in the formant values towards the higher frequency range and relatively

more fluctuations in the spectrum due to higher pitch values.

From the above observations, we can expect that in case of children’s speech recognition

under mismatched condition, the performance to be significantly poor compared to matched

condition of adults’ speech recognition. The observations also suggest that higher band (3400-

8000 Hz) needs to be preserved and reducing the fluctuations in the smoothed spectrum for the

case of children’s speech to get good performance. The different approaches for reducing the

fluctuations present in the short term spectrum of children’s speech and hence improving per-

formance of children’s speech recognition under mismatched condition was earlier explored [1].

3
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1. Introduction

The present work focuses on extending the bandwidth of speech, which is more relevant for the

children’s speech, and accordingly trying to improve the children’s speech recognition under

mismatched condition.
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1.1 Nature of children’s and adults’ speech signals

Figure 1.1: Differences in the nature of speech signals of a child (7 years old) and adult male for the
English utterance ‘one three five seven’. The first column represents the various plots
related to child case and the second column for the adults’ case. (a) & (b) waveforms,
(c) & (d) wideband spectrograms, (e) & (f) Narrowband spectrogram, (g) & (h) STFT
magnitude spectrum, (i) & (j) LPC spectrum, (k) & (l) smoothed magnitude spectrum
from mel cepstrum. In each of the columns, the bottom three plots correspond to voiced
frames for the same vowel /aa/ extracted from the speech signal.
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1. Introduction

1.2 Importance of bandwidth for speech recognition

The importance of bandwidth is demonstrated for both human recognition task and auto-

matic speech recognition. The human recognition task involves subjective studies to identify

the naturalness and intelligibility of speech. The subjective studies based on auditory percep-

tion have shown that reducing the speech bandwidth decreases the perceived speech quality. A

progressive decrease in naturalness is observed when the upper cut-off frequency was decreased

from about 11 kHz down to about 3.5 kHz [2]. Similarly, a marked degradation of naturalness

is observed when the lower cut-off frequency increased from 123-208 Hz [2]. Apart from cut-

off frequency value, the spectral balance between low and high frequencies is also observed to

be an important factor for perceived naturalness. By that it means, the lack of naturalness

caused by a high lower cut-off frequency cannot be compensated by changing the upper cut-off

frequency. Similarly, the lack of naturalness caused by a low upper cut-off frequency cannot be

compensated by changing the lower cut-off frequency. In another study related to extending

the bandwidth, it is reported that extending the bandwidth from 300-3400 Hz to 50-3400 Hz

is more beneficial for listener preference than extension to the range 300-7000 Hz. Also, using

the full wideband range 50-7000 Hz gives the highest scores for perception.

Figure 1.2 (adapted from [2]) illustrates the effect of the audio bandwidth on the quality

and intelligibility of speech. Figure 1.2(a) illustrates that high MOS score (representing more

naturalness) is obtained for cases having low values for lower cut-off frequency and high values

for higher cut-off frequency. The best MOS is for the case of 0 Hz for lower cut-off and 11

kHz for higher cut-off frequency. Thus from naturalness point of view, extended bandwidth in

both lower and higher frequency directions from the narrowband (300-3400 Hz) bandwidth is

desirable.

Figure 1.2(b) illustrates the importance of bandwidth for intelligibility. The low-pass filter

cut-off frequency is shown as a curve. If the the cut-off frequency is about 0.1 kHz, then the

intelligibility of speech is almost 0 % indicating that almost all the components in the speech

are significantly attenuated. When the low-pass filter cut-off frequency reaches to about 5 kHz,
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1.2 Importance of bandwidth for speech recognition

the intelligibility of speech increases to about 95 %. The high-pass filter cut-off frequency is

also shown as a curve. If the the cut-off frequency is about 0.1 kHz, then the intelligibility

of speech is almost 95 % indicating that almost all the components in the speech are passed.

When the high-pass filter cut-off frequency reaches to about 5 kHz, the intelligibility of speech

decreases to about 0 % indicating significant attenuation of almost all the speech components.

Thus starting from 0 Hz, till about 5 kHz all the frequency components are important for speech

recognition in case of adults’ speech.

The human recognition studies for naturalness and intelligibility therefore infer that larger

bandwidth of speech is desirable and also the higher scores depend on the larger bandwidth.

Accordingly, advocate that the primary factor to be improved is bandwidth extension. The

best spectral balance can probably be achieved if the bandwidth of telephone speech could be

extended both below and above the conventional telephone band termed more commonly as

narrowband (300-3400 Hz).

Figure 1.2: The effect of audio bandwidth on the quality and intelligibility of speech. (a) The speech
quality measured using the subjective MOS scale is shown for different bandwidth limi-
tations. The passband is determined by the lower (fl) and upper (fh) cut-off frequency
of the bandpass filter. Data from Krebber (1995, figure 5.6) [3]. (b) The syllable artic-
ulation of lowpass and highpass filtered signals is shown as the function of the cut-off
frequency. The syllable articulation is the percentage of correctly identified meaningless
syllables. Data from French and Steinberg (1947, figure 12) [4]. Figure adopted from [2,5]
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1. Introduction

The effect of bandwidth on automatic speech recognition task is reported in the context

of children’s speech recognition [6], where both training and testing are done using children’s

speech. Figure 1.3 shows the word error rate (WER) expressed in percentage for children’s

speech recognition. In Figure 1.3(a), the studies on PSR database are reported [7,8]. The PSR

word set is a list of 1000 words judged suitable for reading by 5 to 7 year-old children. The

corpus consists of three subsets as follows: “PSR-Child(A)” contains recordings of five children

judged to have good pronunciation, “PSR-Child(B)” contains recordings of seven children with

varying levels of pronunciation proficiency and “PSR-Adult” consists of recordings of 10 adults

aged between 19 and 34. The sampling frequency is 20 kHz for PSR- Child(A) and (B) and

16 kHz for PSR-Adult. If the bandwidth chosen is about 1 kHz, then WER is about 95%

and decreases to about 40% when the bandwidth is 8 kHz. Also, the WER for adults’ case

falls below 20% when bandwidth is 4 kHz, but the WER is still very high for children. The

same observation can be made for another children’s speech recognition task using PF-STAR

database given in Figure 1.3(b) [9]. The PF-STAR corpus contains 14 h of recordings from

158 British children (52% male). The training, evaluation, and test sets contain 7 h 29 min,

53 min and 5 h 49 min of recordings, from 86, 12, and 60 children, respectively. The test and

evaluation sets contain only speech from 6 to 11 year olds, balanced by age. The data are

sampled at 22.05 kHz. Both these studies infer that for automatic speech recognition task also,

especially, children’s speech recognition, larger bandwidth is necessary.
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1.2 Importance of bandwidth for speech recognition

Figure 1.3: Effect of bandwidth on ASR performance on children’s and adults’ speech. (A) PSR
corpus and (B) PF-STAR children’s corpus. The figure is adapted from [6] ©2007 IEEE.
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1. Introduction

The instances taken from the literature and described above for the case of human and au-

tomatic speech recognition demonstrate the significance of larger bandwidth for speech recogni-

tion. Further, in case of children’s speech, preservation of higher bandwidth is critical to obtain

good performance. In case of narrowband speech, since the spectral energies are attenuated

beyond 3400 Hz, the speech recognition performance for children’s speech recognition will be

significantly poor as compared to that of adults’ speech case. Accordingly, we need methods

for reconstructing the spectral energy information in the higher band from 3400 to 8000 Hz.

The present work aims to develop new methods for the same which are collectively termed as

artificial bandwidth extension (ABWE) methods.

1.3 Artificial bandwidth extension for speech recognition

From the literature, unless specified, the term ABWE refers to the process of extending the

bandwidth of telephone speech (300-3400 Hz). Most of the ABWE methods exploit or based on

the classical source-filter model given in Figure 1.4. The vocal tract system is represented by

a time varying filter that contains information about the vocal tract shape and its dynamics.

The filter is excited by a signal which is either train of impulses or random noise, scaled by

a suitable gain. If train of impulses are used as excitation, the resulting speech is termed as

voiced speech. Alternatively, the unvoiced speech is due to the random noise excitation. The

process of exciting the time varying vocal tract system by time varying excitation results in

the non-stationary speech signal as the output. Typically, the adults’ speech contains spectral

energy spread up to 8000 Hz. As in the case of telephone, the speech signal is passed through

a bandpass filter in the range 300-3400 Hz resulting in narrowband speech.

In case of narrowband speech, both the excitation source and vocal tract system information

gets significantly attenuated. The ABWE deals with the process of reconstructing the missing

source and system information as much as possible. The typical block diagram of a source-

filter model based ABWE process is given in Figure 1.5. The short term speech analysis

is performed on the narrowband speech signal to separate out the vocal tract and excitation

source components. The type of speech analysis depends on the ABWE method that will be
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1.3 Artificial bandwidth extension for speech recognition

Figure 1.4: Two state speech production model depicting source-filter nature of approximation.

Figure 1.5: Generation of ABWE speech from NB speech.

employed. For instance, linear prediction (LP) analysis can be performed to extract the LP

coefficients (LPC) representing the vocal tract information and LP residual representing the

excitation source component.

The narrowband vocal tract information is subjected to a process of approximately recon-

structing the missing vocal tract information in the range from 3400-8000 Hz. There are several

methods in the literature for performing the same [10–14].The methods are usually based on

the a priori information learnt during the training process. During the training process, the

relation between the narrowband and wideband vocal tract information is learnt in terms of a

mapping function. During testing, the incoming narrowband vocal tract information is mapped

to the most relevant wideband vocal tract information using the mapping function. As a result,

the artificially bandwidth (ABW) extended vocal tract information is obtained.
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1. Introduction

The narrowband excitation information is extended on either side of 300-3400 Hz to con-

struct the excitation signal component in the frequency range less than 300 Hz and also more

than 3400 Hz. Whether it is voiced or unvoiced speech, the excitation signal will have a flat

spectrum. The process of reconstruction involves extending the flat spectrum beyond 300-3400

Hz. There are several methods in the literature like explicit signal generation, non-linear pro-

cessing, modulation in time domain, spectral folding and so on for performing the same [15–21].

With the knowledge of source parameters these methods work to extend the bandwidth result-

ing ABW extended excitation signal.

Finally, the ABW extended vocal tract information is used as the filter information and

excited by the ABW extended excitation signal to synthesize ABW extended speech signal.

Since, both the vocal tract and excitation components are extended beyond the narrowband

frequency range, the resulting speech is expected to provide more information for both human

and automatic recognition task.

Most of the focus in the ABWE related work is for speech enhancement and speech coding.

The main objective here is to provide improved quality and intelligibility for human percep-

tion. However, the improvement with respect to human perception may not directly correlate

with improved performance in automatic speech processing tasks like speech recognition and

speaker recognition [2, 4, 22–36]. Hence, there is a need for developing ABWE methods that

provide improvement mainly in automatic speech processing tasks. Accordingly, they may not

necessarily provide improved scores for human perception. Further, for children speech case,

due to high non-stationary compared to adults’ speech, both the vocal tract and excitations

dynamics are very high resulting in significant mismatch. Accordingly, ABWE for children’s

speech needs a detailed exploration keeping in view of these dynamics. Hence the motivation

for the present work.

To develop ABWE methods that are suitable for children’s speech processing, understand-

ing of the important differences between the adults and children is of paramount importance.

Accordingly, the literature review needs to be done with respect to the works related to chil-

dren’s speech processing. After this, the existing methods for ABWE are to be reviewed to
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understand how the current methods perform ABWE. Based on both these literature reviews,

possible directions for the present work may be organized.

1.4 Organization of thesis

Chapter 2 provides a detailed review on the differences between children’s speech acoustic-

phonetic parameters compared to that of adults’ speech. The different methods proposed in

the literature for ABWE are also reviewed. Based on this, the organization of the present work

is presented in the last section.

Chapter 3 describes a set of experimental studies to demonstrate the need for develop-

ing ABWE methods. These include development of baseline ASR system using TI-DIGITS

database, implementing existing standard ABWE method and using it for ASR study. The

studies also include comparing ABWE methods with vocal tract length normalization (VTLN)

and truncation of coefficients methods.

Chapter 4 proposes a set of ABWE methods that are suitable for children’s speech recog-

nition under mismatched condition. They are collectively termed as methods using auxiliary

information. The ABWE methods based on class-specific, age-specific and delta features are

proposed in this chapter. A feature domain computationally efficient ABWE methods is pro-

posed using mel frequency cepstral coefficients (MFCC).

Chapter 5 proposes ABWE methods using sparse representation framework. Initial version

exploits the coupled dictionaries. The later versions are based on semi-couple dictionaries based

and also using clustering.

Chapter 6 summarizes the different explorations, conclusions drawn from different explo-

rations and possible directions for future work.
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2. Literature Review

As discussed in the introduction chapter, the objective of this work is to develop methods

for improving children’s speech recognition under mismatched condition. The main causes of

mismatches are due to shorter vocal tract length, and higher source dynamics. The earlier work

attempted on improving children’s speech recognition under mismatched condition by consider-

ing the effects of excitation source and minimizing them [1]. The focus of the current work is on

exploring the effect of shorter vocal tract length and hence come up with methods to minimize

its effects. As briefly outlined in the previous chapter, the short vocal tract length shifts the

formants in case of children to a higher frequency range. Accordingly, methods are needed to

approximate or reconstruct the higher band information from the given narrowband speech.

These methods may be collectively termed as artificial bandwidth extension (ABWE) methods.

To summarize, the goal is develop ABWE methods suitable for improving performance in case

of children’s speech recognition under mismatched condition.

To develop ABWE methods suitable for children’s speech recognition, the understanding of

the literature in the field of children’s speech processing, especially, differences between chil-

dren’s and adults’ speech is needed. Also, the existing methods for ABWE, even though meant

for speech enhancement and coding applications, needs to be reviewed. Based on the under-

standing of both the fields, the directions for the current work can be laid out. Accordingly,

this chapter is divided into four parts. The first part reviews all the works related children’s

speech processing. The second part reviews existing attempts for children’s speech recognition

under mismatched condition. The third part reviews the existing ABWE methods, starting

from the earliest to the most recent ones. The fourth part discusses the requirements for band-

width extension in case of children’s speech and accordingly proposes directions for the work

to develop methods for ABWE suitable for children’s speech recognition.

The introduction to the children’s speech recognition is given in Section 2.1. Section 2.2

highlights the differences between children’s and adults’ speech production systems. The acous-

tic mismatch differences in children’s and adults’ speech due to the differences in the speech

production systems are described in Section 2.3. The differences in the linguistic correlates of

children’s and adults’ speech are given in Section 2.4. Section 2.5 narrates the differences in
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the short term features of children’s and adults’ speech. The different approaches for improv-

ing ASR Performance under mismatched condition existing in the literature are reviewed in

Section 2.6. The need for ABWE for ASR under mismatched condition are hypothesized in

Section 2.7. Section 2.8 provides review of existing attempts for ABWE. The special require-

ments of the ABWE suitable for children’s speech recognition under mismatched condition are

highlighted in Section 2.9. The final section (Section 2.10) describes the organization of the

proposed work.

2.1 Introduction to children’s speech processing

Most of the speech technologies developed in practice typically collect speech data from adult

population. The reasons are several, mainly, it is expected that the intended target population

for the developed technologies will be adult. Also, adult population is expected to be more

cooperative compared to children. However, the scenario has changed where children are also

interested in using speech technologies that may be available over hand held devices. The use

of speech technologies developed using adult population by the children is demonstrated to be

giving very poor performance [37–40]. There are two solutions to this, namely, either collect

speech data separately for children population and rebuild the whole system using children’s

speech, or develop methods to improve the performance for adults’ speech trained system itself.

The former one is time and resource intensive and hence not recommended. The latter one is

therefore the most preferred approach for making children to use speech technologies.

The later approaches are based on the fact that there is significant mismatch in the speech

signal characteristics of children’s speech compared to adult. The children’s speech is highly

non-stationary and exhibits variations in spectro-temporal patterns due to the shorter vocal

tract length and higher source dynamics. To develop methods to reduce the mismatch, we

need to understand the characteristics of children’s speech and also differences with respect to

adults’ speech. The following sections describes them.
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2.2 Children’s and adults’ speech production systems

The difference in the speech signal characteristics of children’s and adults’ speech stems

from the fact that the two speech production systems and their associated dynamics are quite

different. It will be interesting to get a feel about some of these differences.

A related work on the acoustic evidence for the development of speech explains the differ-

ences clearly [41]. Some of the important ones by considering a three years old child and an

adult male are summarized as follows:

• The height of head is reported to be 18.8 cm for the child where as 23.6 cm for the adult.

• The length of the vocal tract for the child and the adult are found to be 10.4 cm and 16.9

cm, respectively.

• The lung vital capacity for the child and the adult are measured as 940 and 4450 cm3,

respective period.

• The rate of respiration in case of child and adult are observed to be about 24 and 12

breaths/min, respectively.

• The length of vocal folds is 0.45 cm for the child and 1.8 cm for the adult.

• The mass of vocal folds for the child and adult are reported to be 0.031 and 0.141 gm,

respectively.

• The effective stiffness of the vocal folds are measured as 2.3 × 104 and 7.4 × 104, dyne/cm,

respectively for the child and adult.

• The sub-glottal pressures are noted as 12 and 18 cm of H2O, respectively for child and

adult.

• The articulator repetition rate is observed to be 3 Hz for the child and 6 Hz for the adult.

The dimensions of head and vocal tract length will influence the resonance (formant) char-

acteristics of the resulting speech. Since as mentioned above, the dimensions for children is
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smaller compared to adult, the formant characteristics are expected to be significantly higher

in the case of children. The lower lung capacity of children results in higher respiration rate and

hence increases the non-stationary characteristics in case of children’s speech. The vocal folds

related measurements of children are significantly lower compared to that of adult. As a result,

the vocal folds will vibrate at a much higher rate compared to the adults’ case. Accordingly,

the pitch period in case of children speech is expected to be much smaller compared to adult.

The source dynamics therefore increases the non-stationary characteristics of children’s speech.

Even though, the stiffness of vocal folds of children is more, the faster vibration is maintained

by the higher sub-glottal pressure. The speaking rate of the children is much lower compared

to adult due to the lower articulation repetition rate.

2.3 Acoustic mismatch differences in children’s and adults’

speech

Several researchers have examined the differences in acoustic mismatch of children’s and

adults’ speech. The age dependent changes in the formant frequencies and the fundamental

frequency measurements of children speakers aged three to thirteen were reported in [42, 43].

Children have higher formant values for the same sound as compared to adult, and the formant

values increase in a non-linear fashion [42]. The pitch values of children are relatively higher

compared to adult causing large spacing between the pitch harmonics [42]. These high formant

frequencies and pitch 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 that of adult males [42]. In comparison to the presence

of 3-4 formants for adults’ speech, only 2-3 formants are present for children’s speech within

0.3-3.4 kHz frequency range [40]. 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. This necessitates the

requirement of artificial bandwidth extension methods for reconstructing the formants in the

higher frequencies.
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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 [39, 41–43]. The

average vowel durations of 5 year old children is reported to increase by 36% compared to those

of 12 year old children [42]. On analyzing the consonant-vowel transition in case of adults and

children’s speech, 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 [42].

The bandwidth of formant frequencies are observed to be dependent on radiation, glottal

resistance, viscosity, heat conduction, and wall resistance [41]. The bandwidth contribution

due to radiation (Br) is directly proportional to the square of the formant frequency under

consideration. The bandwidth contribution due to wall resistance (Bw) is inversely proportional

to the square of the formant frequency under consideration. The bandwidth contribution due

to both viscosity (Bv) and heat conduction (Bh) is observed to be directly proportional to the

square root of the formant frequency under consideration. The bandwidth contribution due

to glottal resistance (Bg) is directly proportional to the area of glottis. Among all these, the

major factors that contribute to the bandwidth include Bg and Br, where Bg contributes in a

major way to the bandwidth of first formant and Br contributes to the bandwidth of higher

formants.

For children’s case, the bandwidth contributions due to the effects of radiation are observed

to be greater in comparison to that of adult. The reasons for the same is due to the higher

formant frequency values for the children and also differences in vocal tract dimensions. The

bandwidths of the first three formants due to radiation are 8, 71 and 197 Hz for children, and

3, 27 and 74 Hz for adult. significantly higher values can be observed for children.

The bandwidth contribution due to the effect of glottal resistance is observed to be more for

children compared to the adults. The bandwidth of first formant due to glottal resistance is 66

Hz for children and 53 Hz for adults, showing higher value for children’s case. The contributions
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of other factors is observed to be same for both children and adults. Including all the factors,

the bandwidth of the first three formants are 90, 132 and 246 Hz for children, and 72, 78

and 115 Hz for adult. By comparing different values for a given bandwidth, it can be agreed

that major contributes for bandwidth differences among children and adults are radiation and

glottal resistance.

To summarize, the acoustic mismatches between children and adults can be studied mainly

by considering the changes in three factors, namely, higher formant values, higher pitch value

and larger bandwidths in case of children as compared to that of adults. The different ways to

minimize the effect of pitch changes was studied earlier [1]. To further increase the effectiveness,

methods for minimizing the effect of mismatch in case of formants and their bandwidth is

needed.

2.4 Linguistic correlates of children’s and adults’ speech

Apart from the acoustic mismatches, the linguistic mismatches between children and adult

are also observed to be higher. The major causes of the linguistic differences are due to less

control over the articulators, lesser vocabulary size and also mispronunciations in case of chil-

dren.

Children’s 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 [44]. As a result,

children’s speech have many problems like dis-fluencies, false-starts and extraneous speech [45–

47]. The frequency of occurrence of mispronunciations was noted in [47] to be almost twice

as high for the 8-10 years old children than 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 which correlates with their smaller lung capacity. The correct 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 read speech and spontaneous speech, similar trend was noted in their
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linguistic variabilities with age in both cases. Children’s spontaneous speech was also found to

be less grammatical than adults’ speech. However, the adult-level values were found to reach

1-2 years earlier for read speech [48]. Linguistic variability in children’s speech reduces with age.

Older children use simpler linguistic constructs and shorter utterances to convey the intended

message. Dis-fluencies decrease with age and children reach adult-skill level at around 12-13

years of age (somewhat earlier for boys than girls) [48]. So, the ability of the children to use

language efficiently to convey the message improves with their age.

2.5 Short-term features of children’s and adults’ speech

The differences in the vocal tract dimensions, glottal structure and associated dynamics

results in changes in the formant values and their bandwidth, and pitch values. Accordingly,

the speech signal nature is quite distinct in case of children’s and adults’ speech. In a generic

sense, we can state that children’s speech is highly non-stationary compared to that of adults’

speech.

For any practical speech processing task like automatic speech recognition (ASR), short

term processing is performed to extract relevant features for further modelling and testing.

The significant difference in the performance of ASR system under mismatched condition can

be attributed to the differences lying at the short term features level for the case of children’s

and adults’ speech. There are several studies in the literature which have studied this and

demonstrated that if steps are taken to reduce the variations present at the features level, then

poor performance under mismatch can be significantly reduced.

Figure 2.1: Steps involved in computation of LPC coefficients for high pitch valueed speech frame.

The effect of high pitch values on linear prediction (LP) analysis is reported in [49, 50].
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It is stated that due to high pitch value as in the case of children’s speech, the prediction is

poor. The LP analysis of children’s speech tries to model the spectral peaks corresponding to

formants in a poor manner and is affected due to the high pitch values. Essentially, the LP

analysis tries to model the pitch and its harmonics peaks rather than modelling the formant

peaks. To minimize this effect, what is proposed is to first decrease the pitch period and then

perform the LP analysis. The different steps involved are given in Figure. 2.1. This is done

in the following way: up-sampling, low pass filtering to smooth out the fluctuations in the

up-sampled signal, down-sampling, the ratio of up-sampling and down-sampling is done in such

way that the overall pitch reduces by certain factor, say 1.5. This is achieved by increasing the

pitch period by 1.5 using the above steps. However, the duration of the signal also increases

by the same amount. The increase in the duration is compensated to the original value by

time scaled modification. After this, the estimation of LP coefficients is made for the increased

pitch case signal and is found to be better representing the vocal tract information compared

to the original signal LP analysis. Thus this study demonstrates that, the LP coefficients are

also affected in case of children’s speech due to high pitch value. However, no attempt is made

here to take care of increased formant values and their bandwidths.

The differences in the short term spectral measurements for the children’s and adults’ speech

for the case of fricatives is reported in [51,52]. The measurements included spectral slope, spec-

tral mean, spectral variance, spectral skewness and spectral kurtosis. These parameters are

computed by constructing the short term spectrum of a 40 ms segment of speech using a 2048

point fast Fourier transform. By considering the resulting power spectra as the random distri-

bution probabilities, from which the spectral moments are constructed. Measures of spectral

slope were derived from the power spectra by a linear regression line fit to the relative ampli-

tudes extracted from each analysis window. The spectral slope and mean are observed to be

significantly lower for children. The spectral variance, skewness, and kurtosis are observed to

be more for children. These studies infer that the short term spectral representation is the basic

frequency domain representation of speech for extracting any parameter for further processing.

The representation itself is significantly different in case of children compared to the adults
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emphasizing the need for minimizing these variabilities to improve ASR performance under

mismatched conditions.

A study on the use of pitch normalization for improving ASR performance under mismatched

condition is reported in [53–55]. In this study, it is initially demonstrated that the variances in

the higher dimension MFCCs is more in case of children compared to the adults. Also shown

that the smoothed spectral envelope derived from the MFCCs show larger variations in case

of children compared to adults. After this, several pitch normalization methods are used for

reducing the variances present in the higher order MFCCs of Children’s speech. The significant

improvement in performance (reduction in WER) is observed for the pitch normalized case.

Thus this study demonstrates that even though MFCC has smoothed the pitch variation, still

the variances are large in case of children and hence the need further processing to improve

performance. However, this study has focussed only on minimizing the effect of high pitch values

in case of children’s speech. The other variation due to higher formants and their bandwidths

is not addressed.

The studies described above are the samples from the literature which show how the short

term spectral features differ in case of children’s and adults’ speech cases. These changes can

be attributed to both the changes in formants and their bandwidths and pitch values. Any

improvement in ASR performance depends on how these variabilities are minimized. Therefore

approaches are needed to minimize these effects at the feature level.

2.6 Approaches for improving ASR under mismatched con-

dition

There are two main striking differences between the children’s and adults’ speech production

systems. The short vocal tract length in case of children affects the formants and their band-

widths. The very thin vocal folds results in faster vibrations and hence very small pitch period

or high pitch values. Both these aspects lead to high non-stationary in case of children’s speech.

Accordingly, poor ASR performance under mismatched condition. The following studies try to

improve the ASR performance by minimizing the effect of these differences.
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2.6.1 Vocal tract length normalization (VTLN) for improving ASR

performance

A more commonly used approach for minimizing the differences between children’s and

adults’ speech resulting due to the change in vocal tract dimensions is vocal tract length nor-

malization (VTLN) [56–69]. VTLN aims to compensate for the fact that speakers have vocal

tracts of different sizes. VTLN can be implemented by warping the frequency axis in the filter-

bank analysis. The warping factor α scales the distances of the filters in the mel filterbank. The

optimal warping factor α is obtained by measuring the mean cepstral distance between adult

and children’s vowels. This warping is observed to be age dependent, 0.7 for 5 year old male

child with acoustic models trained on male adults. For adult, α = 1. The same warping can

be used for all phones. However, phone dependent warping is observed to be further reducing

spectral mismatch [40].

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 [70,71]. 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 [72],

may be 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 range,

to avoid the same a piece-wise linear warping function of the frequency axis of the Mel filterbank

is employed [73]:

gα(f) =





1
α
f 0 ≤ f ≤ fc

1
α
fc +

fmax−
1

α
fc

fmax−fc
(f − fc) fc < f ≤ fmax

(2.1)

where, fmax denotes the maximum signal bandwidth (4 kHz in this work) and fc 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
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models under the constraint of the first-pass transcription of the test signal. For instance,

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) (2.2)

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 λ, thus reducing the

inter-speaker acoustic variability between the training and the test data.

2.6.2 Model adaptation techniques for improving ASR performance

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 func-

tion using the expectation-maximization (EM) technique on adaptation data. The standard

auxiliary function used to estimate the transforms is:

Q(M, M̂) = −
1

2

R∑

r=1

Mr∑

mr=1

T∑

t=1

Lmr
(t)[K(m) + log(|Σ̂mr

|) + (o(t)− µ̂mr
)T Σ̂−1

mr
(o(t)− µ̂mr

)] (2.3)

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

T is the number of observations, mr denotes a mixture component, O represents the sequence

of d-dimensional observations, o(t) denotes the observation at time t. µmr
and Σmr

represents

the mean vector and covariance matrix for the mixture component mr and K(m) subsumes all

constants. Lmr
(t) represents the occupancy probability for the mixture component mr at time
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t and is defined as,

Lmr
(t) = p(qmr

(t)|M,OT ) (2.4)

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

represents the adaptation data.

2.6.3 Maximum likelihood linear regression (MLLR)

In MLLR [74] 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.

2.6.3.1 MLLR-MEAN

The adaptation method in which the linear transformations of only the means of the Gaus-

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

transformation matrix used to estimate the adapted mean µ̂ is given by

µ̂ = Wξ (2.5)

where, µ represents a d× 1 mean vector, W represents the d× (d+ 1) transformation matrix

(where, d is the dimensionality of the data) and ξ represents the extended mean vector.

ξ = [ω,µ1,µ2, ...µd]
T (2.6)

where, ω represents a bias offset which is kept as 1 (default value within HTK) in our work.

Hence, W can be decomposed into

W = [b,A] (2.7)

where, A represents an d× d transformation matrix and b represents a d× 1 bias vector.
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2.6.3.2 MLLR-COV

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

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

is of the form

Σ̂ = HΣHT (2.8)

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) (2.9)

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

mations.

2.6.3.3 Constrained MLLR (CMLLR)

In this technique, a set of linear transformations for the features are estimated so as to

modify the feature vectors such that their likelihood increase with respect to the given model.

In [75], it is shown that mean µ and variance Σ of a Gaussian density N (x;µ,Σ) associated

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

maximum likelihood framework, in the following way:

µ̂ = Ãµ+ b̃, Σ̂ = ÃΣÃT (2.10)

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

space transformation [75]. 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 Gaus-

sian densities in the recognition system, CMLLR adaptation can be implemented by transform-

ing acoustic observations [75] using the following identity:

N (Ax+ b;µ,Σ) = |Ã| N (x; Ã(µ− b), ÃΣÃT ) (2.11)
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In the feature-space transformation, to be applied to the feature vectors, represented by Ã and

b̃ which are related to A and b by:

Ã = A−1, b̃ = −A−1b (2.12)

Thus, the transformation matrix used to give a new estimate of the adapted observation is

given by

ô = Woζ (2.13)

where, o represents a d × 1 observation vector, Wo represents the d × (d + 1) transformation

matrix (where, d is the dimensionality of the data) and ζ represents the extended observation

vector.

ζ = [ω, o1, o2, ..., od]
T (2.14)

where, ω represents a bias offset which is kept as 1 (default value within HTK). Hence, W can

be decomposed into

W = [b,A] (2.15)

where, A represents an 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 |A| in the

likelihood calculation.

L(o;µ,Σ,A,b) = |A| N (Ao+ b;µ,Σ) (2.16)

2.6.4 Minimizing pitch mismatch for Improving ASR Performance

In this work [1], the acoustic mismatch due to pitch differences between the adults’ and

children’s speech for children’s ASR on adults’ speech trained models are studied. It is found

that apart from the formant frequencies, the pitch is the other major source of acoustic mis-

match between the adults’ and 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.

A pitch normalization algorithm is proposed which modifies the mel filterbank during MFCC
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test feature extraction based on the average 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 between 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.

2.7 Need for ABWE for ASR under mismatched condition

From the review presented in the previous section, we can state that there are broadly three

approaches by which the ASR performance can be improved under mismatched condition. The

first and the mostly used approach is based on VTLN. This approach is a feature level approach

for minimizing the differences between children’s and adults’ speech. In case of children’s speech,

the formants and their bandwidth shift towards higher frequencies. Accordingly, using the Mel

filterbank with conventional spacing for the filters as in the adults’ case is not appropriate. The

frequency scale is therefore warped using a suitable warping factor to match for the shift in

the formants for children. As a result, significant improvement in the performance is achieved.

However, it is to be noted that VTLN is effective only within the given band of speech. In

case of narrowband speech, VTLN will attempt to minimize the mismatch between children’s

and adults’ speech within the given narrowband. However, the significant information about

the formants and bandwidth extend much beyond 3.4 kHz for the case of children. In case of

adult, most of the formants information is present within 3.4 kHz. If we want to improve the

ASR performance for children’s case, then some ways of first constructing the missing formants

and their bandwidth in the higher frequency range is needed. This reconstruction of higher

information may provide better match and hence improved performance. On top of extended

bandwidth, VTLN may further improve the performance.

The model adaptation techniques essentially adapt the adults’ models to suit more for

children’s speech, by estimating the mean and variances of the GMMs of HMM. Due to this
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some improvement in ASR performance can be achieved. In the narrowband case, the children’s

speech used for adaptation still has only partial information. As a result the amount of gain

achieved may not be significant.

The attempts to reduce the pitch mismatch will address only the effects due to source and

do not focus on formants and their bandwidth that are present much beyond 3.4 kHz. Of

course, the mismatch is significant for the pitch case itself. As a result any method to reduce

the pitch mismatch also provides significant performance improvement.

To summarize, for the children’s speech the pitch values are higher compared to adult.

The effect due to pitch mismatch are already addressed in the literature as described above

for improving ASR performance. The second difference in the children’s speech is the shift

of formants to the higher frequency range. This is addressed by using VTLN. In case of

narrowband speech, there is yet another difference, that is missing higher formants and their

bandwidth information beyond 3.4 kHz. If we want to achieve good improvement in ASR

performance for narrowband case, then first we need to have a method for reconstructing

the missing information beyond 3.4 kHz. When such extended bandwidth speech is used,

the mismatch may significantly reduce. These attempts in the proposed work are collectively

termed as ABWE methods.

2.8 Artificial bandwidth extension: A Review

This section reviews techniques proposed for the artificial bandwidth extension (ABWE) of

narrowband (telephone) speech. The section begins with the motivation for ABWE and defines

the frequency bands relevant for ABWE. Signal processing techniques utilized in ABWE are

then described in detail.

2.8.1 Motivation for ABWE

The subjective studies have shown that the speech bandwidth significantly affects the per-

ceived quality of speech, and wideband (0-8 kHz) speech is consistently preferred over nar-

rowband (0-3.4 kHz) speech [36, 76–79]. Furthermore, the intelligibility of wideband speech
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is found to be higher than that of narrowband speech [4]. The evaluations have shown that

the intelligibility of whole sentences in narrowband speech is as high as about 99%, but the

intelligibility of meaningless syllables is only about 90% [80–82]. Improving the intelligibility

makes communication more comfortable and reduces the listening effort [80]. Thus, increasing

the acoustic bandwidth of narrowband speech is clearly beneficial.

Wideband telephone calls require the network to support wideband speech transmission, and

users need to have terminal devices designed for wideband signals at 16 kHz sampling rate [83].

During the transition period, both narrowband and wideband calls will occur depending on the

capabilities of the network and the terminal devices, and users of wideband capable terminal

devices will experience a difference between narrowband and wideband calls. To reduce the

quality difference between narrowband and wideband speech, techniques have been developed

to extend the bandwidth and thus to improve the quality and intelligibility of narrowband

speech.

Bandwidth extension of telephone speech attempts to reconstruct missing frequency content

outside the frequency range present in a narrowband speech signal. ABWE performs this task

utilizing solely the information in the input speech signal. The input of a speech bandwidth

extension system is usually assumed to be a speech signal produced by one talker at a time.

Consequently, the characteristics of the speech production mechanism and speech signals can

be exploited in the bandwidth extension task. Numerous experiments have shown that the

perceived quality of the output of state of the art ABWE methods is higher than that of

narrowband speech on the average.

2.8.2 Frequency bands

The purpose of ABWE is to reconstruct an approximation of wideband speech from nar-

rowband speech. Digital narrowband speech is sampled at the rate of 8 kHz and therefore has

a strict upper bound in the bandwidth at 4 kHz. Typically, narrowband speech is bandlimited

approximately to the traditional telephone band (0.3-3.4 kHz) specified for PCM channels, but

the exact passband varies. Wideband speech usually refers to the audio frequency range from
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50 Hz to 7 kHz using a sampling rate of 16 kHz.

Figure 2.2: Frequency bands in the bandwidth extension of telephone speech.

The speech bandwidth can be extended to frequencies below or above the telephone band or

both. The extension band above the telephone band typically ranges from 3.4 kHz up to 7 kHz

and is called the higher band. The low-frequency extension band typically covers frequencies

below 300 Hz, but the frequency limit may vary.

While a number of speech and audio codecs capable of transmitting wideband (50-7000

Hz), super-wideband (50-14,000 Hz), and even fullband (20-20,000 Hz) signals have been de-

veloped [84], narrowband speech transmission still prevails in cellular telephone networks and

the transition to wideband speech is in progress. Consequently, the frequency ranges shown in

figure above are currently the most relevant for the bandwidth extension of narrowband speech.

2.8.3 Correlation between frequency bands of speech

ABWE is based on the assumption of dependency between the contents of frequency bands

in speech. The dependency between the frequency bands justifies the estimation of the missing

frequency content from the bandlimited input. The assumption of dependency is reasonable

because the entire speech spectrum is generated by the same physical and acoustic configuration

of the speech production apparatus. As an example of a signal source characteristic affecting

a wide range of frequencies, the spectral tilt of the glottal source signal causes an overall

descending spectrum in both the telephone band and the higher band. However, the dependency

between the frequency bands has turned out to be relatively weak [85, 86].

The correlations between the telephone band and both the lowband and the higher band
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have been investigated with information theoretic measures. In [87], the authors have derived

an upper bound for the quality of memoryless ABWE in terms of spectral distortion using an

information theoretic approach. In [88], it is also examined the mutual information between the

spectral shapes in the telephone band and in the higher band and concluded that memoryless

ABWE cannot be expected to reconstruct the higher band spectrum accurately from the nar-

rowband spectrum. The relationship between narrowband and higher band spectral envelopes

is observed to be one to many and high quality reconstruction requires additional transmitted

information [89]. It is also shown that including memory in the estimation technique improves

the certainty of the higher band estimate [90].

In practice, ABWE cannot reconstruct the original wideband speech faithfully from a nar-

rowband speech signal. Instead, the general aim of ABWE is to add energy to the extension

bands in a perceptually reasonable way so that the perceived bandwidth is increased and the

subjective speech quality is improved [86, 91, 92].

2.8.4 Speech bandwidth extension with side information

The higher band cannot be accurately estimated from the narrowband speech signal. Due

to this, bandwidth extension techniques utilizing a small amount of additional transmitted

information about the missing frequency range have also been developed [28, 30, 34, 93–96].

Auxiliary bit streams of about 130 bps-2 kbps are generally suggested to support the bandwidth

extension. The additional information enables a more accurate regeneration of the missing

frequencies than artificial bandwidth extension. As a result, fewer artifacts are produced and

the overall quality is improved.

Utilizing side information with the existing narrowband systems also calls for a method to

transmit the information to the receiving end. If interoperability with existing standard codecs

is required, data transmission can be accomplished in three different ways [95]: by embedding

the side information in the speech signal itself [97, 98], by modifying the encoded bit stream,

or most efficiently by joint coding and data hiding within the encoder [25, 95, 96]. All these

approaches maintain interoperability with the existing networks and codecs but may cause a
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minor degradation in speech quality. The signal-domain approach is problematic because it

is not sufficiently robust when coding with code excited linear prediction (CELP) codecs [25].

The third approach of including the data hiding within the encoding process provides the

best results but requires codec dependent processing. The idea of bandwidth extension with a

small amount of transmitted side information is also utilized in many standardized wideband

speech and audio codecs, where the higher frequencies are estimated from the transmitted lower

frequency content and additional side information parameters [97].

2.8.5 Different techniques for artificial bandwidth extension

The different techniques present in the literature for ABWE can be broadly grouped under

the following categories.

2.8.5.1 General signal processing methods

One of the earliest studies on the artificial bandwidth extension of telephone speech was the

investigation aimed at improving the acoustic quality of telephone contributions in broadcast

programs [99]. Both lower band and higher band extension were considered challenging, and

especially higher band extension was found to be extremely difficult using the analog techniques

of the time. The first adaptive approach to speech bandwidth extension made a distinction

between voiced and unvoiced speech, utilized frequency domain processing, and generated a

high frequency extension that was scaled according to the short term spectral tilt of the band

limited input signal [100, Section 1.3].

More advanced digital signal processing techniques have been proposed for artificial band-

width extension since the early 1990s. Statistical recovery of the missing higher band using a

combination of autoregressive filters excited by Gaussian noise was proposed [101] The use of

codebooks for the spectral envelope extension was described [102,103]. Similar techniques form

the bases of many of the more recent ABE methods.

In general, ABE methods utilize a combination of techniques from pattern recognition,

statistical estimation, and speech synthesis [95]. Input speech is typically processed in short

frames of about 10-30 ms. In some cases, the temporal characteristics of the signal are adjusted
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with a finer resolution of about 2 ms. Successive frames may overlap, and output frames may

be concatenated with overlap and add techniques.

Bandwidth extension can be implemented in the frequency domain or in the time domain.

Frequency domain processing commonly computes the spectrum of the input frame using a

fast Fourier transform (FFT), constructs the spectrum of a frame in the spectral domain, and

applies the inverse FFT to produce the corresponding time domain signal. Time domain pro-

cessing typically involves adaptive filters or a filterbank for the shaping of the extension band

spectrum. Frequency domain processing has the benefit of accessing the spectral representation

directly, whereas time domain processing may yield a lower overall delay and avoid potential

degradations due to the limited accuracy of FFT computation especially on fixed point plat-

forms.

2.8.5.2 Source-filter model based ABWE

A large part of the ABWE methods proposed in the literature are based on the source-

filter model of speech production. The narrowband input signal is divided into an excitation

signal and a filter representing the spectral envelope. The excitation and the filter are then

extended separately to the extension band. The extension of the filter requires an estimation

method that generates the filter parameters from a set of descriptive features calculated from

the narrowband input. Bandwidth extended speech is generated by processing the extended

excitation with the extended filter and combining the output with the original narrowband

speech signal.

Extension of the excitation: The excitation signal contains the spectral fine structure of

the extension band and usually has a relatively flat spectral envelope. Typically, the extension

band excitation is generated from the narrowband excitation, which is often represented by the

LP residual of the input signal. Several methods have been proposed for the extension of the

excitation as described below.

Spectral folding: Spectral folding is a simple way to extend the excitation signal of a narrow-

band speech signal from the frequency range 0–4 kHz to 0–8 kHz. Spectral folding generates
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a mirror image of the narrowband spectrum in the higher band [29]. It is equivalent to an

up-sampling operation without an anti-aliasing low pass filter and makes use of the aliased

spectrum in the extension band. Spectral folding can be implemented easily in the time do-

main by inserting a zero sample after each input sample or in the frequency domain by mirroring

the FFT coefficients. Figure 2.3 illustrates the effect of spectral folding in the frequency domain.

Figure 2.3: Spectral folding can be used to generate spectral content in the higher band. Zero samples
are added between the signal samples in the time domain, which causes the spectrum to
be mirrored to the higher band as shown.

Modulation techniques: A shifted copy of the up sampled baseband spectrum can be gen-

erated in the extension band with modulation at a fixed frequency. Filtering is necessary to

prevent undesired overlapping of the translated spectrum and the original narrowband spec-

trum. The modulation frequency can be equal to 4 kHz, which corresponds to the spectral

translation and is simple to implement in the time domain. Other modulation frequencies can

also be used and allow, e.g., filling the gap in the spectrum at 4 kHz [80]. Fixed modulation

breaks the harmonic structure because spectral peaks of voiced speech copied to the higher

band are not located at integer multiples of the fundamental frequency. While the modulation

is a time domain process as described, a similar effect can be achieved by frequency domain

37

TH-1705_08610211



2. Literature Review

processing. For example, the higher band excitation is constructed in the frequency domain by

repeatedly copying a subband of the telephone band spectrum to the higher band [104,105].

Pitch-adaptive modulation: The harmonic spectrum of voiced speech can be preserved

by copying the narrowband spectrum to the extension band using an adaptive modulation

frequency that is a multiple of the fundamental frequency (f0) of speech [29]. Pitch adaptive

modulation requires an accurate estimate of f0. Pitch detection is a non-trivial task for which

there are several basic methods and a number of enhancements to improve robustness and

accuracy.

Sinusoidal synthesis: Sinusoidal synthesis generates the excitation signal of voiced speech

as a sum of sine waves with frequencies equal to the multiples of the fundamental frequency

of voiced speech. A similar result can also be achieved by generating harmonic peaks in the

frequency domain. A mixed excitation with an adjustable level of harmonics for varying levels

of voicing can be generated by means of randomized harmonic phases or additive random

noise [106] [93, Section 2.4] [107]. Sinusoidal synthesis is especially suitable for the excitation

extension to low frequencies below 300 Hz because the low band signal primarily consists of

a small number of harmonics of f0 and the ear is sensitive to the harmonic components in

this frequency range. Sinusoidal synthesis calls for an accurate estimate of f0. If ABWE is

implemented in close connection with a speech decoder, the pitch period estimate utilized in

many codecs can be exploited also in ABWE [29].

Nonlinear processing: The excitation signal can be extended by applying a non-linear func-

tion f(x) to the narrowband excitation. Examples of non-linear functions used for bandwidth

extension include f(x) = x2 [20], f(x) = x3 [108], and f(x) = |x| [92, 109]. An adaptive

non-linear function that adapts to the input amplitude is described in [22, Section 4.2.7]. Non-

linear processing has the benefit of maintaining the harmonic character of the excitation, i.e.,

non-linear processing of a periodic signal generates a spectrum with spectral peaks at integer

multiples of f0. However, the energy level generated in the extension band by a non-linearity

is difficult to control, and subsequent energy normalization is typically required [87, Section

3.2], [108]. Non-linear functions are often used for the low frequency extension because they
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generate a harmonic spectrum, which is perceptually important at low frequencies.

Noise modulation: Noise modulation refers to generating the excitation by modulating a

white noise signal by a temporal envelope. This technique can be motivated by the critical

bandwidths of human perception: above 4 kHz the frequency resolution of the human ear is

poor and pitch harmonics are not resolved individually, but pitch periodicity is present in the

temporal envelope of voiced speech [30]. Thus, the harmonic spectrum does not need to be

reproduced and the pitch periodicity can be reconstructed by the time domain modulation of a

noise excitation. The temporal modulation envelope can be extracted from the time envelope

of a sub-band of the input signal using, e.g., the frequency band of about 2-3 kHz [110], 2.5-3.5

kHz [111, 112], or 3-4 kHz [81].

Noise excitation: A noise signal has also been used as an excitation in combination with

other techniques to avoid an highly periodic excitation at high frequencies [104] or to provide

an excitation for unvoiced speech sounds [16, 106, 113]. For the extension from the wideband

frequency range to the super-wideband range, a noise excitation may be sufficient, especially if

the temporal envelope of the excitation is also adjusted as in the method described by [114].

Voice source modelling: A method was proposed for estimating the wideband voice source

signal from the narrowband signal to extend the excitation of voiced speech [115]. The technique

was found to be especially effective in the low frequency range. Furthermore, the bandwidth

extension layer in the ITU-T G.729.1 codec [116] utilizes a lookup table of glottal pulse shapes

to reconstruct the excitation for voiced speech [95].

2.8.5.3 Feature extraction

The spectral envelope in the extension band is estimated from the information available

in the narrowband input signal. For this purpose, a set of features is calculated from each

frame of the input signal. The aim of feature extraction is to compress the input frame into

a small number of values that represent relevant characteristics of the signal for the envelope

estimation task. The features should be selected so that they provide as much information

about the missing frequency band as possible. At the same time, the number of features, i.e.,
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the dimensionality of the feature vector, should be small to keep the computational complexity

low.

A multitude of features have been proposed for bandwidth extension. Two instrumental

measures can be used to quantify their suitability for the task [117]:

• The information theoretic quantity called mutual information describes the dependency

between signals. The mutual information between a feature set and the quantity to be

estimated indicates the feasibility of the estimation task.

• The separability quantifies the discriminative power of a feature set for the classification

of speech frames into relevant categories.

Features can be classified into two categories: frequency domain and time domain features.

Frequency domain features represent the characteristics of the spectrum and are typically com-

puted from the FFT based magnitude spectrum of a frame. Time domain features are computed

directly from the signal samples and represent the temporal characteristics of a signal frame.

Many early ABWE approaches utilized only spectral envelope parameters of the narrowband

input to estimate the spectral envelope parameters of the extension band. However, addi-

tional time domain and frequency domain features have been shown to be beneficial for the

estimation [117].

The following list presents some typical examples of the features.

Subband energy levels: The overall spectral shape of the input signal can be represented

by the amounts of energy in a small number of frequency bands [109, 118].

Autocorrelation coefficients: Alternatively, the spectral envelope can be represented by

the first ten autocorrelation coefficients [80].

LPC filter coefficients: The coefficients of the all pole filter obtained by linear prediction

can also be used to represent the spectral envelope [91]. LPC parameters can be converted to

other representations to be used as input features, such as line-spectral frequencies (LSF) [107,

110, 119–122], mel-scaled LSFs [123], or linear prediction cepstral coefficients (LPCC) [124].

Cepstral coefficients: Another representation of the spectral envelope is provided by the
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mel-frequency cepstral coefficients (MFCC) [125], which are commonly used as input features

in automatic speech recognition [126]. MFCC features are used for ABWE [115, 127–129].

Alternatively, linear frequency cepstral coefficients (LFCC) can also be used [92].

2.9 ABWE for children’s speech recognition

The earlier sections reviewed the developments in children’s speech processing, approaches

for improving ASR performance in case mismatch conditions and ABWE areas. The work in

the children’s speech processing area focussed first on understanding the differences between

children’s and adults’ speech. As reviewed earlier, the differences are mainly due to the changes

in the dimensions of the vocal tract and glottal excitation source. As a result, the formants

shift to higher frequencies compared to adults’ speech. The bandwidths associated with the

formants will be more for children speech. The children’s speech will have higher pitch values.

Due to these, the acoustic features extracted from children’s speech will be quite different from

those of adults’ speech. This can be observed through Figure 2.4 where the variances among

the higher order coefficients is more between low and high pitch cases. As a result the models

developed for adults’ speech shows large error when tested with children’s speech features.

The review of works related to ASR under mismatched condition revealed that the perfor-

mance can be improved by one of the following approaches: VTLN, model adaptation and pitch

mismatch minimization. Followed by this the need for ABWE for children’s speech recognition

in case of narrowband speech was also described.

With respect to the developments in ABWE, the focus is mainly on converting telephone

quality speech to wideband or super wideband speech. Even though not stated explicitly, the

implicit assumption an all ABWE work assumes adults’ speech. This may be due to the large

adult population user base for telecommunication. Also, the emphasis or focus of the ABWE

work is to develop methods that can extend bandwidth of telephone speech which provides

perceptually improved speech. As long as the ABWE speech gives perceptual comfort to the

listener, no further requirements will be put forward.

However, the issues in children’s speech recognition for improving ASR performance under
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mismatched conditions are different. In case of children’s speech, since most of the information

extends beyond 3.4 kHz, a faithful reproduction of information from 3.4-8 kHz is necessary.

The earlier attempts for improving children’s speech recognition under mismatched condition

focussed on minimizing the variabilities due to pitch [1,53–55]. Here, whether the given speech

is either narrowband or wideband, the focus is mainly to minimize the fluctuations due to pitch.

By doing the same, improvement in ASR performance is reported. In this the approaches based

on pitch modification focus on minimizing the effects of pitch.
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Figure 2.4: Plots showing mean along with variance (in bar) for MFCC (C1-C12) of signals of different
pitch groups: 75-100 Hz and 200-250 Hz (left panel) and 200-250 Hz and its transformed
to 140-175 Hz (right panel) for vowels (a) /ae/ (b) /iy/ (c) /ao/. [54] ©INTERSPEECH
2009
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2.10 Organization of the Present Work

To minimize the mismatch due to increase in formants and their bandwidth of children’s

speech, the most commonly used methods are based on vocal tract length normalization

(VTLN) [70, 72]. However, VTLN cannot provide complete solution as explained below. In

Figure 2.5 the LP spectra representing the formants information for children’s and adults’

speech are shown for the same sound unit. The formant frequencies for the children shift to

higher frequencies and their bandwidths increase. However, the most important observation

is, VTLN can only take care of minimizing these variabilities only in the given band. That is,

VTLN is effective for compensation of narrowband children’s speech with respect narrowband

adults’ speech. Similarly, for wideband children’s speech with wideband adults’ speech. It fails

to do the compensation for cross-band scenario. That is, the VTLN on narrowband children’s

speech is not effective for reconstructing the missing information that is present much beyond

3.4 kHz for child. As a result even though the first two formants of the child gets warped

with adults’ case, the higher formants information are still missing. In such scenarios what

is suggested is to perform ABWE for given narrowband child speech and then compare with

the wideband adults’ speech. An additional VTLN on ABWE children’s speech may further

improve matching. Hence the motivation for the present work.
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Figure 2.5: Linear predictive coding (LPC) spectra of a vowel /aa/ for an adult and a child speak-
ers along with the warped spectrum of that child for (a) narrowband speech case, (b)
wideband speech case. Note that the loss of significant higher band spectral information
in the narrowband case leads to poor match between warped child’s and adult’s spectra
unlike the wideband case.
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The goal of the present work is set as follows: Given an ASR system trained using wideband

adults’ speech and needs to be tested using narrowband children’s speech. In such a case, the

performance of the ASR system degrades severally due to missing information in the higher

band from 3.4-8 kHz. To minimize the mismatch, feature level ABWE methods needs to be

developed for reconstructing the missing information in the range from 3.4-8 kHz. The efficacy

of the developed/proposed methods will be demonstrated by conducting ASR studies.

To carry out the proposed goal, the present work is organized as follows: The first step is to

develop an ASR system using standard database, features and methodology which can be used

for comparing various ABWE methods that will be developed. TI-DIGITS speech corpus is used

for the present work. A digit recognition ASR system is developed using MFCC features and

HMM modelling. The different systems developed include narrowband adults’ speech trained

and wideband adults’ speech trained ASR systems. These are tested using different types of

testing speech to experimentally observe the degradation in the performance when children’s

testing speech is used. The next issue to experimentally study is the significance of ABWE. For

this an existing standard method for ABWE is implemented and narrowband children’s speech

is subjected to ABWE. The ABWE children’s speech is then used for testing the adults’ trained

systems. If the ASR system shows significant improvement in performance, then it supports

our choice of direction for the work.

There are several attempts in the literature for reducing the mismatch between children’s

speech and adults’ speech interacting technologies. The prominent attempts include those based

on VTLN. A standard VTLN approach is implemented and both adults’ and children’s speech

are subjected to VTLN process. The VTLN processed speech is tested with adults’ trained

models. The performance comparison between ABWE and VTLN cases helps in understanding

the effectiveness of both the approaches. Also, a combination of the two may give an idea about

how both can help in improving the performance of ASR system under mismatched condition.

Another attempt is handling pitch mismatch by truncation [54]. The same can be implemented

and truncated coefficients cases can be compared with ABWE case to understand the differences

in both the cases. All these studies will establish the ground work for the proposed goal of
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ABWE for children’s speech recognition under mismatched condition. Therefore the above

mentioned issues are described in Chapter 3.

The Gaussian mixture model (GMM) can be used for the modelling of joint probability

density function (PDF). The joint modelled GMM can then be used for obtaining information

with respect to any one PDF. This property can be exploited for ABWE. During training the

GMM, the joint PDF of narrowband and corresponding wideband features can be constructed.

Then during testing, given narrowband component features, the wideband features can be

estimated using the joint PDF. An ABWE method based on this thought process is described

in Chapter 3. The process can be carried out in a global or class-specific sense and both are

developed. The GMM based on class-specific approach may give improved performance. The

analysis of performance for different cases is done using the information-theoritic approach

based on mutual information.

The previous work demonstrated how a joint PDF modelling technique like GMM can

be used for extending the bandwidth of narrowband children’s speech suitable for ASR. The

motivation is more from the capability of GMM approach for the creation of joint PDF and

less from speech-specific knowledge. The joint PDF created during training is used during

testing phase of narrowband children’s speech to obtain corresponding wideband speech. A

bandwidth extension can also be developed by exploiting speech-specific knowledge at the

feature level. In the existing ABWE extension techniques, the focus is mainly on synthesizing

wideband speech from narrowband speech using source-filter model. Invariably, this approach

involves obtaining information about LP coefficients for the high frequency range and using

for synthesis. Alternatively, the current focus is mainly on ASR. Therefore, as long as the

derived feature improves information in the higher frequency range that is useful for ASR,

it will suffice. Along these lines, MFCC is the mostly used feature for ASR. Therefore is it

possible to develop an ABWE method suitable for ASR using MFCC? The existing work of

ABWE using MFCC focuses on source-filter framework. The proposed method only involves

generating MFCC representing high frequency range information and using them along with

narrowband MFCC for ASR. A method can be developed for ABWE using MFCC as follows:
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During training, the wideband children’s speech is taken, MFCC is extracted separately for

low frequency and high frequency ranges and a joint PDF is developed using these two set

of MFCCs. During testing, from the narrowband children’s speech, the low frequency range

MFCC are extracted and applied to the joint PDF to derive the corresponding high frequency

range MFCC. Both these MFCCs are concatenated and used as features for ASR. Accordingly,

improvement in ASR may be expected. Also, the significance of other information like age,

dynamics associated with vocal tract characterized by the delta features and VTLN can be

used along with MFCC for further refinement of ASR performance.

The sparse representation based signal modelling approach is found to result in state of

the art performances in many signal processing applications [130–133]. Motivated by this, the

present work also explores developing ABWE methods exploiting the sparse representation

modelling of speech frames in the signal domain. The main merit of this approach is it is a

non-parametric ABWE approach and also does not make use of the mostly followed source-

filter model approach for ABWE. The sparse representation aims in obtaining a sparse vector

for the given feature vector using a dictionary. The given vector is of low dimension and the

obtained sparse vector is a very high dimension vector and accordingly most of the elements in

the sparse vector will be zero or negligible. Hence the name of the resulting vector as sparse

vector. The basis for using sparse representation framework is as follows: The conventional

Fourier based dictionaries have orthogonal bases and those have highly narrowband spectral

characteristics. As a result of this, although these dictionaries happen to produce very ac-

curate representation of speech signals, but their representations are neither sparse nor have

much similarity for wideband and narrowband speech. In contrast, if we create a dictionary

that produces a sparse representation for speech signals, then it is more likely to produce similar

representations for wideband and narrowband speech. Motivated by this hypothesis, ABWE

methods are explored in which the sparse representation of the narrowband speech obtained

with respect to a narrowband dictionary are applied to a corresponding wideband dictionary

to achieve the reconstruction of high band information for the given narrowband signal. The

KSVD algorithm is used for a creating a learned redundant dictionary for sparse representa-
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tion [132]. The wideband dictionaries created separately for voiced and unvoiced speech signals

are decimated and interpolated to obtain narrowband dictionaries. Using both of them the

ABWE methods are developed. Several refinements to the basic approach like linear transfor-

mation of narrowband interpolated sparse coefficients, lookup constrained linear transformation

and semi-coupled dictionary are explored.
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The first step is to understand the significance of ABWE for speech recognition, especially,

children’s speech recognition under mismatched condition. This is because, the following doubts

arise when ABWE framework is proposed. How effective is ABWE for speech recognition? That

is, whether it will add additional information to the existing one or not. The next doubt is,

to take care of mismatch in the children’s speech recognition task, already methods based on

VTLN and pitch mismatch compensation are proposed in the literature, then how different

the proposed ABWE framework compared to these. To answer these set of doubts, a series of

experiments are designed, experimentally studied and described in this chapter.

An ASR system using TI-DIGITS database as a baseline system is described first. The

implementation of existing ABWE method and using it for ASR study is described next. The

ASR study using existing VTLN approach is then described. The ASR study based on reducing

pitch mismatch using cepstral truncation is explained next. While performing ASR studies

using VTLN and cepstral truncation, the same are compared with ABWE to understand the

similarities and differences.

In this chapter, as a first study, the development of an ASR system using standard database,

features and methodology is described. Such a system can be used for comparing various

ABWE methods. TI-DIGITS speech corpus is used for the present work. A digit recognition

ASR system is developed using MFCC features and HMM modelling. The different systems

developed include narrowband adults’ speech trained and wideband adults’ speech trained ASR

systems. These are tested using different types of testing speech to experimentally observe the

degradation in the performance when children testing speech is used.

The next study focused on experimentally studying the significance of ABWE. For this,

implementation of existing method for ABWE based on linear prediction (LP) analysis in

source-filter framework is described. The narrowband children’s speech is then subjected to

ABWE using the implemented ABWE method. The ABWE children’s speech is then used for

testing the adults’ trained system.

A standard VTLN approach implemented in HTK toolbox based on linear warping is used

for understanding the significance of the same for children’s speech recognition under mis-
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matched condition. Both the narrowband and wideband children’s and adults’ speech are sub-

jected to VTLN and the normalized speech signals are used for testing adult trained models.

Also, a study that combines both ABWE and VTLN is described next.

The earlier attempt for handling pitch mismatch by truncation is described next [54]. The

same is implemented and truncated coefficients cases is compared with ABWE case to under-

stand the differences and also potentials of both directions. As a result a combination of the

two is proposed to demonstrate the significance of ABWE along with existing pitch mismatch

handling case. All these studies are aimed at establishing the ground work for the proposed

goal of ABWE for children’s speech recognition under mismatched condition.

The rest of the chapter is organized as follows: Section 3.1 describes the development digit

recognition system using TI-DIGITS database by extracting MFCC features and modelling

by HMM for children’s and adults’ speech. The implementation of standard ABWE method

based on LP analysis and the corresponding ASR study using the same is described in Sec-

tion 3.2. Section 3.3 describes studies related to VTLN for children’s speech recognition under

mismatched condition and its comparison to earlier ABWE based ASR study. The implementa-

tion of cepstral truncation based method for handling pitch mismatches and the corresponding

ASR study along with comparison with ABWE are described in Section 3.4. The summary and

conclusions of different studies performed in this chapter and the scope of the next chapter are

described in Section 3.6.

3.1 Development of baseline speech recognition system

This section describes the process of development of baseline ASR system that will be used

for studying the children’s speech recognition under mismatched condition. For the present

work, a standard database that contains recordings from both children and adult speakers

under similar conditions is needed. Accordingly, even though there many databases for the

ASR study, TI-DIGITS database best suits our requirement. Accordingly, digit recognition

task is used as ASR study in the present work.
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3.1.1 TIDIGITS corpus

The TI-DIGITS corpus was produced by Texas instruments in 1984 and the salient features

about the same are as follows [134]. It is a large speech database that can be used for speaker

independent digit recognition task. It is a dialect balanced database consisting of more than

25 thousand digit sequences spoken by 326 men, women and children. The speech data was

collected in a quiet environment and digitized at 20 kHz. Out of the 326 speakers, there are 111

men, 114 women, 50 boys in the age group 6-14 years and 51 girls in the age group 8-15 years.

The utterances collected are digit sequences. Eleven digits were used: zero, one, ..., nine and

oh. Seventy-seven sequences of these digits including 22 isolated, 11 two-digit, 11 three-digit,

11 four-digit, 11 five digit and 11 seven digit sequences were collected for each speaker. Hence

each speaker provided 253 digits and 176 digit transitions.

For the present work, the whole database originally sampled at 20 kHz was resampled to 16

kHz sampling frequency for obtaining wideband speech database and also was resampled to 8

kHz sampling frequency for obtaining narrowband speech database. The adults’ and children’s

speech database is further subdivided into training and testing sets. The adults’ training set

includes a total of 197 speakers having 35,566 digits and totalling to about 5.3 hrs of speech

data. The adults’ testing set includes a total of 81 speakers having 10,813 digits resulting in

about 1.6 hrs of test speech. The children’s speech consists of 64 speakers for training and 49

speakers for testing. The children’s training database consists of 14,725 digits leading to about

4.4 hrs of training speech and the children’s testing database consists of 10,800 digits leading

to about 1.9 hrs of testing speech.

3.1.2 Design of ASR studies

The TI-DIGITS database as described above composes of both adults’ and children’s speech.

For performing the current work of children’s speech recognition under mismatched condition,

unless specified, mismatched condition refers to the case of acoustic mismatch. This particularly

happens when adults’ and children’s speech are considered. The following ASR studies are

designed to understand the effect of mismatch in terms of narrowband and wideband speech,
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and also adults’ and children’s speech. The first set of studies include matched condition where

the models are trained using adults’ speech and also testing using adults’ speech. In the matched

condition itself, we can have either narrowband or wideband cases. The second set of studies

include mismatched condition where the models are trained using adults’ speech and tested

using children’s speech. Further, in the mismatched condition, we can have either narrowband

or wideband cases. Finally, the term children’s speech recognition under mismatched condition

refers to the case of training using wideband adults’ speech and testing using narrowband

children’s speech.

3.1.3 Feature extraction

The speech is pre-emphasized using a factor of 0.97. For short term processing, speech

is processed in frames of 25 ms with a frame rate of 100 Hz. For each frame, a 21 channel

filterbank (between 0.3-3.4 kHz) is used for narrowband signals while 26 channel filterbank

(between 0-8 kHz) is used for wideband signals. The 13 dimensional MFCC (C0-C12) forms the

base feature vector in both cases. In addition to the base features, their first and second order

derivatives are also appended making the final dimension as 39. Cepstral mean subtraction is

also applied to all features.

3.1.4 Digits models

The connected digit recognition task used in this work has been developed using the HTK

toolkit [72]. The 11 digits (0-9 and OH) are modelled as whole word left-to-right hidden

Markov model (HMM). Each word model has 16 states with simple left-to-right paths and no

skip paths over the states. The observation densities are mixture of five multivariate Gaussian

distributions with diagonal covariance matrices. The silence is explicitly modelled using three

state HMM model having six Gaussian mixtures per state. A single-state short pause model

tied to the middle state of the silence model is also used.
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3.1.5 Performance Evaluation

The recognition performance is evaluated using different testing sets and word error rate

(WER in %) is used as a metric for comparison of different systems. The performance of different

digit recognition systems are tabulated in Table 3.1, where the trained models are using adults’

speech and testing using either adults’ or children’s speech. Further the testing case can include

either narrowband or wideband cases. The narrowband adults’ trained system gives a WER of

0.44 % for narrowband adults’ test speech. This result shows that the training and testing cases

are acoustically matched well. Alternatively, testing with narrowband children’s speech results

in a WER of 9.37 %. The very poor WER infers the significant acoustic mismatch present

between adults’ and children’s speech. The wideband adults’ trained system gives a WER of

0.35 % which is a marginal improvement over narrowband adults’ testing case. Alternatively,

testing with wideband children’s speech results in a WER of 3.21 %. The WER is a significant

improvement over narrowband children’s testing case indicating the significant information in

the children’s speech is present in the higher frequency range (3.4 to 8 kHz). These set of

experiments demonstrate the need for reconstructing the information in the higher frequency

range of children’s speech.

Table 3.1: Recognition performances for adults’ (AD) speech and children’s (CH) speech test sets
having narrowband (NB) and wideband (WB) speech data of the TI-DIGITS corpus.

WER%
Test NB WB
set Base Base
AD 0.44 0.35
CH 9.37 3.21

3.2 Proposed Spectral Loss Compensation for ASR using

ABWE

The earlier study demonstrated the need for the information present in the high frequency

range (3.4-8 kHz) to obtain significant performance improvement in case of children’s speech

recognition under mismatched condition. To see how much we really benefit if we have an
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ABWE extension method, this section describes the study using an existing ABWE method.

Most of the ABWE algorithms for speech signal are based on the source-filter model of the

speech production. The estimation of the missing higher band signal components is performed

in a two-stage procedure, indirectly via the model of source-filter: in the first step the wideband

source signal is estimated from the narrowband source signal. In the second step higher band

filter parameters are estimated from narrowband filter parameters and then used in combination

with narrowband filter parameters to determine the wideband filter parameters. This approach

is in general well suited for the extension of both high frequencies and low frequencies for the

given 0.3-3.4 kHz signal.

In this work for the extension of bandwidth of narrowband signal, we have used an algorithm

proposed in [12]. In the following, we describe the basics of GMM based ABWE algorithm

used. The generic block diagram of ABWE algorithm is shown in Figure 3.1. According to

the structure of source-filter model, the bandwidth extension is performed separately for the

excitation source signal and the filter representing the spectral envelope of the speech signal.

Since these two constituents of the speech signal can be assumed to be mutually independent

to a certain extent, separate optimization of these two parts of the algorithm leads to an

approximation of the global optimum. The nonlinear operation used ... The LP analysis is

performed after nonlinear to derive fullband LP residual.
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Figure 3.1: Block diagram of the source-filter based generic ABWE algorithm.
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As shown in Figure 3.1, X represents the feature for the narrowband signal. As described

in [12], the feature X consists of two broad components Xscr and Xacf . Xscr is having five

scalar features and Xacf having ten energy normalized auto-correlation coefficients as defined

in Eq (3.1), (3.2) and (3.3).

X = [Xacf
T ,Xscr

T ]T (3.1)

Xscr = [Xzcr, Xgi, Xnrf , Xk, Xsc]
T (3.2)

Xacf = [Xacf (1), Xacf(2), Xacf(3), ..., Xacf(10)]
T (3.3)

where Xzcr, Xgi, Xnrf , Xk and Xsc denote the zero crossing rate, gradient index, normalized

relative frame energy, local kurtosis and spectral centroid, respectively.

Y represents the feature for the higher band portion of the wideband speech signal. It

consists of the logarithm of the ratio of narrowband (nb) and higher band (hb) energies and the

rest ten coefficients are the selective linear prediction cepstral coefficients (SLPCC) computed

from the higher band (3.4-8.0 kHz) spectral information of the signal as described in [100].

Y = [G,C1, C2, ..., C10]
T ,where G = log(

σnb

σhb

) (3.4)

It should be emphasized at this point that both X and Y are composite features having

different information as described in the above equations. Modulation technique is used to

transform NB residual to WB residual signal.

3.2.1 Selective linear prediction

Selective linear prediction (SLP) is the linear prediction process performed on a limited

frequency band of a signal. In our case, it is used to model the extended band from the

lower limit Ωl or kl to the upper limit Ωu or ku. One method of performing linear prediction

on a limited frequency interval could be to band pass filter the input signal and then do

conventional LP analysis. The band pass filter should have the above mentioned frequencies as

cut-off frequencies. This method has one major weakness, namely, the linear prediction will try

to model the slopes of the band pass filter, which result in wasting model capabilities. To avoid
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this, SLP is proposed. The SLP algorithm involves the following four steps [135, pp. 148]:

Compute the power spectrum: compute the Fourier transform of the signal and square

its magnitude spectrum:

P (k) = |DFT{s(n)}|2 (3.5)

where, DFT is N point discrete Fourier transform.

Create a translated spectrum: Form a translated power spectrum Pt(m) as shown

in Figure 3.2, by letting Pt(m) = P (k) where k = [kl, kl+1, . . . , ku, N − ku, . . . , N − kl] and

m = [0, ..., 2(ku−kl)−1], An example of the translated power spectrum is shown in Figure 3.2.

Compute the autocorrelation sequence: Do an inverse DFT using N1 = 2(ku − kl)

point DFT to obtain the autocorrelation function of the translated spectrum.

rt(n) = IDFT{Pt(m)} (3.6)

Compute the SLP model parameters: Based on the autocorrelation function, calculate

the LP coefficients using the Levinson Durbin algorithm [136, pp. 278-280].

The envelope can be represented by the LP coefficients, which describe the all-zero filter

A(z) (the analysis filter) defined as [135]:

A(z) =

p∑

i=0

aiz
−i (3.7)

The filter coefficient (a0, ..., ap) defines the pth order analysis filter. Linear prediction is done

by minimizing the prediction error between the actual sample s(n) and the predicted sample

ŝ(n), based on an optimization criterion.
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Figure 3.2: The wideband power spectrum (P (k)) in (a) and the translated spectrum (Pt(m)) in (b).
It should be noted that the spectra are double-sided. Portion of spectrum selected using
dotted line in (a) is translated to complete range of normalized frequency in (b)
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The prediction error is defined as [135]:

e(n) = s(n)− ŝ(n) = s(n) +

P∑

i=1

ais(n− i) (3.8)

Usually the total squared error (α) is minimized, which is:

α =
∑

e(n)2 (3.9)

This can be done by using e.g. the autocorrelation method [135, 137].

The LP coefficients are a simple representation of the envelope and are computationally

attractive. The LP coefficients are highly correlated among each other. If a single LP coefficient

are altered, it has high impact on the shape of complete envelope. Two sets of LP coefficients

with only one coefficient being different have a small Euclidean distance. The shape of the

envelopes however may differ a lot. Quantifying the LP coefficients from an Euclidean distance

would therefore not be appropriate if similar envelopes should be clustered together.

Cepstral coefficients from LP coefficients: The common method to calculate the real

cepstral coefficients is to perform a discrete time Fourier transform of a signal, apply the log

operator to the magnitude of output transformation, and then do an inverse discrete time

Fourier transform.

In this thesis, we take advantage of the possibility of deriving the cepstral coefficients from

the LP coefficients. These cepstral coefficients also popularly called as LP cepstral coefficients

(LPCC). Markel and Gray [135, pp. 230] have an equation from which both the cepstral

coefficients c(n) and the LP coefficients ai can be derived recursively:

− n c(n)− n an =
n−1∑

k=1

(n− k) c(n− k) ak for n > 0 (3.10)

where,

a0 = 1 and ak = 0 for k ≥ p and c(0) = ln(α) (3.11)

p is the order of the autoregressive model and α is the gain coefficient. In order to find the

cepstral coefficients Eq 3.10 is rewritten to:
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c(n) =
−1

n
(n an +

n−1∑

k=1

(n− k) c(n− k) ak) = −an −
n−1∑

k=1

(n− k)

n
c(n− k) ak, where n > 0 (3.12)

The cepstral coefficients c(0) and c(1) can be found from 3.11 and 3.12 as:

c(0) = ln(α) c(1) = −a1 (3.13)

The derived cepstral coefficients can be converted back into LP coefficients and again by

applying the following (n > 0):

an =
−1

n
(n c(n) +

n−1∑

k=1

(n− k) c(n− k) ak) = −c(n)−
n−1∑

k=1

(n− k)

n
c(n− k) ak (3.14)

The conversion between LP coefficients and CC is relatively cheap and easy to perform.

The conversion has the advantage that it can be reversed without any loss in information. It

is an advantage to transform the LP coefficients into cepstral coefficients, because the cepstral

representation has the advantage of having sufficient decorrelation among the coefficients [2, pp.

212]. This is advantageous for modelling cepstral coefficients with a probability density function

(PDF), because the parameters of the PDF, can be estimated (optimized) for one element

in the feature independently of the other elements. Furthermore minimizing the Euclidean

distance between two sets of cepstral coefficients, is closely related to minimizing the log spectral

distortion (LSD) between the two spectra [135].

3.2.2 Gaussian mixture model

Let X ∈ Rk be the feature vector of narrowband speech and Y ∈ Rl be the feature vector of

the higher band speech. Then vector Z =
[
XT,YT

]T
∈ Rn is formed and is modelled using the

Gaussian mixture model (GMM) to estimate the joint PDF of X and Y as depicted in Figure

3.3.
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Figure 3.3: Block diagram illustrating the generation of features of the narrowband and the higher
band portions of the signal and modelling of their joint PDF using GMM.

The PDF of Z is modelled as a mixture of M n-variate Gaussian PDFs,

P (Z|λ) =
M∑

i=1

αibi(Z),

M∑

i=1

αi = 1 and αi ≥ 0 (3.15)

where bi(Z) and αi, i = 1, ...,M are the component densities and the component weights,

respectively. Each component density is a n-variate Gaussian function of the form:

bi(Z) =
1

(2π)
n
2 |Czzi|

1

2

e
− 1

2

[

(Z−µzi)
T
C

−1
zzi(Z−µzi)

]

(3.16)

with µzi is n× 1 mean vector and Czzi is n× n covariance matrix with

µzi =




µxi

µyi




and

Czzi =




Cxxi
Cxyi

Cyxi
Cyyi




The parameters of GMM model, λ = {αi,µi,Ci}, are estimated using the expectation and

maximization algorithm.

3.2.3 Spectral envelope reconstruction

Given the joint PDF of X and Y, the goal is to find a mapping function F (.) that minimizes

the mean square error,
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εmse = E
[
|Y − F (X)|2

]
(3.17)

where E[.] denotes expectation, and F (X) is the reconstructed higher band feature vector.

From the Bayesian estimation theory, the mapping function minimizing the mean squared

error between the reconstructed higher band features and the original higher band features

turns out to be the mean of the conditional PDF P (Y|X) and is given by the regression,

F (X) = E[Y|X] =
M∑

i=1

hi(X)
[
µyi +Cyxi

C−1
xxi

(X− µxi
)
]

(3.18)

where

hi(X) =

αi

(2π)
n
2 |Cxxi

|
1

2

e
− 1

2

[

(X−µxi)
T
C

−1
xxi(X−µxi)

]

∑M

j=1
αj

(2π)
n
2 |Cxxj

|
1

2

e
− 1

2

[

(X−µxj)
T
C

−1
xxj(X−µxj)

] (3.19)

the weighting function hi(X) denotes a posteriori probability that ith Gaussian component has

generated the narrowband feature X.

Finally, the estimated higher band feature vector is converted to corresponding spectral

magnitude spectra through cepstral to LPC recursion before appending it to the original nar-

rowband magnitude spectrum for bandwidth extension purpose.

3.2.4 ASR Study using ABWE

For the ABWE algorithm described above, the different parameters chosen are: window

length of 20 ms, window shift of 10 ms, the narrowband LPC order of 10, the higher band

LPC order of 20 and the GMM of size 512. For extension of the bandwidth of adults and

children’s narrowband speech test sets, separate GMM models were trained from appropriate

condition training data, mutually exclusive to the test sets. The recognition performance of

the bandwidth extended narrowband test sets are evaluated on the connected digit recognition

system described earlier, developed using the wideband speech data from TI-DIGITS. The

performance of ASR study for ABWE case is summarized in Table 3.2. The ABWE adults’

speech gives a WER of 0.57 % which is slightly inferior compared to 0.35 %. Also for the NB

adults’ case itself the WER is 0.44 %. This comparison infers that, in case of adults’ speech,
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Table 3.2: Recognition performances for adults’ (AD) speech and children’s (CH) speech test sets
having narrowband (NB) and wideband (WB) speech data of the TI-DIGITS corpus.

WER%
Test NB WB ABWE
set Base Base Base
AD 0.44 0.35 0.57
CH 9.37 3.21 4.06

most of the information is the narrowband itself. Hence the gain is minimal when we move

from narrowband to wideband case. The slightly inferior performance for ABWE case can be

attributed to the signal processing distortion occurring in different steps of ABWE.

The performance of ABWE children’s speech tested against wideband adults’ models give

a WER of 4.06% which is a significant improvement over the narrowband result of 9.37%. This

result infers that the acoustic mismatch between the children’s and adults’ speech is high and

is mostly in the higher band. That is why, the ABWE is helping in improving the performance

of children’s speech recognition under mismatched condition. Note that, in this case also,

the same signal processing distortion is introduced into ABWE children’s speech. The signal

processing steps essentially represent narrowband to wideband conversion processes and involve

some distortion. Hence the WER is 4.06 % which could have been 3.21 % for the best case.

The various results from this experiment indicate that ABWE indeed significantly helps for

improving the ASR performance under mismatched condition for the children’s speech.

3.3 ASR using VTLN

When there is an acoustic mismatch due to vocal tract, the most extensively used approach

to minimize this mismatch is vocal tract length normalization (VTLN). The previous section

demonstrated the significance of ABWE for ASR under acoustic mismatch related to vocal

tract itself. Therefore, in the presence of VTLN, the need for ABWE is questioned. For this

an ASR study needs to be performed using VTLN and then compare the two cases.

VTLN is a speaker normalization method in which the inter-speaker acoustic variability due

to varying vocal tract lengths among speakers is reduced by warping the frequency axis of the
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speech spectrum of each speaker [70, 71]. In this work, VTLN is performed on an utterance-

by-utterance basis on the test speech data as described in [73].

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 [72], 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 range, to avoid the same a piece-wise linear warping function of the

frequency axis of the mel filterbank is employed [73]:

gα(f) =





1
α
f 0 ≤ f ≤ fc

1
α
fc +

fmax−
1

α
fc

fmax−fc
(f − fc) fc < f ≤ fmax

(3.20)

where, fmax denotes the maximum signal bandwidth (4 kHz in narrowband and 8 kHz in

wideband) and fc 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) (3.21)

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 λ, thus reducing the

inter-speaker acoustic variability between the training and the test data.
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Table 3.3: Recognition performances for adults speech (AD) and children’s speech (CH) test sets hav-
ing narrowband (NB), wideband (WB) and artificial bandwidth extended (ABWE) speech
data. For assessing the quality of the reconstructed higher band spectra in the bandwidth
extended signals, the performance with applying VTLN are also given.

WER%
Test NB WB ABWE
set Base +VTLN Base +VTLN Base +VTLN
AD 0.44 0.43 0.35 0.35 0.57 0.57
CH 9.37 1.64 3.21 0.77 4.06 1.17

The performance of ASR system for different studies related to VTLN are summarized in

Table 3.5. The performance of ASR system for VTLN normalized narrowband adults’ test

speech against narrowband adults’ models give a WER of 0.43% as against 0.44% for without

normalization case. Similarly, for VTLN normalized wideband adults’ test speech against wide-

band adults’ models give a WER of 0.35%, same for without normalization case also. Thus in

case of adults’ speech, VTLN seems to have minimum impact. In case of VTLN normalized

narrowband children’s speech tested against narrowband adults’ models gives a WER of 1.64%

as against 9.37% for without normalization case. This result infers that the acoustic mismatch

between the children’s and adults’ speech is high and can be significantly reduced by employ-

ing VTLN. Next in the case of VTLN normalized wideband children’s speech tested against

wideband adults’ models gives a WER of 0.77% as against 3.21% for without normalized case.

Both these results infer that VTLN helps significantly in case of children’s speech recognition

under mismatched condition.

The results seem to be even better compared to stand alone performance of ABWE. Based

on this we are tempted to conclude that VTLN can be used instead of ABWE. However,

the two processes are different. In VTLN case, only normalization is performed for the same

band, where as, in case of ABWE, missing information in the high frequency is reconstructed.

Accordingly, we can combine both to get improved performance. The performance of ABWE

and VTLN normalized narrow band children’s speech tested against wideband adults’ models

gives a WER of 1.17%. Only using VTLN it is 1.64% and using ABWE it is 4.06%, where as

the combination provides 1.17%. This combined result infers that, using both further improves
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ASR performance. Thus any new ABWE method developed will always add value to improve

the children’s speech recognition under mismatched condition. Hence the need for developing

new ABWE methods.

3.4 ASR using Truncation of MFCC Features

The previous two sections demonstrated the significance of reducing mismatch with respect

to the vocal tract information and hence improving the children’s speech recognition under

mismatched condition. The next important cause for mismatch between children’s and adults’

speech is the difference in the physiological and also dynamic characteristics of the excitation

source. The earlier work focused on reducing the excitation source related mismatch and hence

improving the children’s speech recognition performance [1]. In this work, one important study

was reducing the mismatch by the truncation of MFCC coefficients [54]. It will be better to

compare the proposed ABWE framework with this study also. Due to this, the earlier work

for ASR using truncation of MFCC features is described first and then compared with ABWE

framework.

To explore the effect of cepstral truncation based spectral smoothing, the base features for

the test data are truncated from 16 down to 2 in step of 1. As the dimensionality of the truncated

test features do not match with that of the features used for training the acoustic models, the

default decoding algorithm (HVite) in HTK cannot be employed for decoding purposes. To

overcome this problem either the decoding algorithm has to be suitably modified or the acoustic

models need to be retrained for each truncated dimension of the test features. In this work,

for ease of experimentation, we retrain the models with features of same dimensionality as

those of the truncated test features. The recognition performances for both the adults’ and the

children’s test sets for different dimensions of the truncated test features on acoustic models

trained with matching feature dimensions are given in Table 3.4. Although the truncation is

shown in the base feature only but the truncated test features also include their first and second

order derivatives.

From Table 3.4, it is noted that the recognition performance for the children’s test set
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3. Artificial Bandwidth Extension for Speech Recognition

Table 3.4: Recognition performances for adults speech (AD) and children’s speech (CH) test sets for
varying truncated length of base MFCC feature for narrowband (NB) and wideband (WB)
speech data. For recognition purpose the first and second derivatives were also appended
to corresponding base features.

Base WER%
feature NB WB ABWE
length AD CH AD CH AD CH

16 0.54 10.81 0.27 4.77 0.45 5.73
15 0.51 10.31 0.27 4.08 0.49 5.25
14 0.48 9.80 0.29 3.62 0.53 4.60
13 0.48 9.72 0.44 3.19 0.61 4.01
12 0.48 9.18 0.40 2.97 0.68 3.74
11 0.51 9.06 0.42 2.73 0.69 3.59
10 0.57 8.56 0.43 2.45 0.68 3.32
9 0.62 8.11 0.43 2.42 0.70 3.30
8 0.64 6.66 0.48 2.10 0.74 2.92
7 0.63 5.63 0.55 1.98 0.74 3.15
6 0.68 5.37 0.59 2.47 0.82 3.59
5 0.73 5.26 0.76 1.99 1.11 3.47
4 0.92 4.47 1.25 2.73 1.69 4.63
3 1.32 5.21 3.07 5.48 4.33 7.76
2 5.66 15.19 6.05 10.57 8.05 15.01

improves consistently with the feature truncation. On the other hand, the recognition perfor-

mance for the adult’s test set degrades with increasing truncation of the features. It is obvious

that the degradation in the performance for the adults’ test set is due to over smoothing of the

spectra with increasing cepstral truncation. However, for the children test set the improvements

in the performance with increase in cepstral truncation are attributed not only to the reduction

in the pitch-dependent distortions in the spectral envelope but also to the reduction in the

mismatch on account of the vocal tract length (VTL) differences between the adults and the

children speech due to the implicit spectral smoothing. Further, to illustrate the effect of varied

truncation of MFCC feature on their corresponding spectra, the plots of the smooth spectra

corresponding to various truncated feature lengths for vowel /iy/ of pitch 300 Hz are shown

in Figure 3.4. It is observed that with increasing truncation, the distortions in the spectral

envelope are smoothed out. But for higher truncation the spectral peaks (formants) also get

smoothed out, resulting in reduced mismatch due to VTL differences between the adults and
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the children’s speech.
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3. Artificial Bandwidth Extension for Speech Recognition

Figure 3.4: Plots demonstrating the effect of cepstral smoothing in case of adults’ and children’s speech
for a vowel /aa/. (a) Linear DFT spectrum for an adult speaker having pitch value of
around 100 Hz (b) Smoothed mel spectra corresponding to the base MFCC features of
different dimensions for that adult speaker (c) Linear DFT spectrum for a child speaker
having pitch value of around 300 Hz (d) Smoothed mel spectra corresponding to the base
MFCC features of different dimensions for that child speaker.
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In narrowband speech case, for 13 dimensional MFCC, the adults’ test speech gives a WER

of 0.48% and the children’s test speech gives 9.72%. The significantly poorer performance in

case of children’s speech may be attributed to the mismatch due to both vocal tract as well

as pitch. As the number of coefficients truncated increases, the mismatch reduces in case of

children’s speech. The best performance is for the 4 dimensional MFCC case where its WER

is 4.47%. This shows that the children’s speech recognition under mismatched condition can

also be significantly improved by coefficient truncation. As described above, the coefficient

truncation can be attributed to reducing mismatch with respect to both pitch as well as vocal

tract length variations. In wideband speech case, the best WER for adults’ case is 0.27% and

the corresponding children’s speech WER is 4.08% for 15 dimensional MFCC. The significant

improvement in WER from 9.72% to 4.08% can be attributed to the information present in

the higher frequency range of wideband speech. The performance of children’s speech can be

further improved in this case also by coefficient truncation. The best performance is 1.98%

when only 7 dimensional MFCC is used. This study demonstrates that even in wideband case,

the coefficient truncation helps. Hence we can use ABWE along with coefficient truncation.

In the next study, the earlier described ABWE method is employed to get ABWE extended

speech from the narrowband speech. The ABWE extended adults’ speech further decreases

performance compared to narrowband case inferring the effect of signal processing distortion

due to ABWE. Alternatively, the children’s speech case shows significant improvement over

narrowband case. The best performance is 2.92% when 8 coefficients are used. This study

demonstrates that ABWE helps on top of existing coefficient truncation in case of children’s

speech recognition under mismatched condition.

3.5 Combining ABWE, VTLN and Cepstral Truncation

Approaches

As described earlier, the basis of each of the approaches for reducing mismatch between

adults’ and children’s speech are different. Therefore combination of them may improve the

performance. The results obtained for different cases are tabulated in Table 3.5. There are
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minor variations in the WER values of this study compared to the earlier sections. This is

because, in the combining experiment set up, the HMM models are initially generated using

MFCC of 16 dimension along with delta, and double-delta features. For performing cepstral

truncation experiments, only the mean and variance vectors in each state of HMM are truncated.

However, the transition matrix is kept same as in the 16 dimension case. As established earlier,

there are no benefits of VTLN, ABWE or coefficients cepstral truncation in case of adults’

speech data testing. However, the significance of them can be seen while using children’s

speech data testing. The case of children’s NB speech provides the worst Performance of 9.72%.

With the help of combining different approaches the best performance of 0.97% is achieved for

the same children’s NB speech data. The process of improving the performance by different

combinations is explained below.

Table 3.5: Recognition performances for adults’ speech (AD) and children’s speech (CH) test sets
having narrowband (NB), wideband (WB), artificial bandwidth extended (ABWE), vocal
tract length normalization (VTLN) and MFCC cepstral truncation (Trunc) speech data.
Experiments are performed using the models trained for truncation experiments.

WER%
Test NB WB ABWE
set Base Base Base Base Base Base Base Base

+VTLN +VTLN +VTLN +Trunc +Trunc
+VTLN

AD 0.48 0.47 0.44 0.40 0.61 0.55 0.58 0.50
CH 9.72 1.64 3.19 0.77 4.01 1.06 2.76 0.97

3.5.1 ABWE and VTLN

The performance of VTLN seem to be even better compared to stand alone performance

of ABWE. Based on this, it may be tempting to conclude that VTLN can be used instead

of ABWE. However, the two processes are different. In VTLN case, only normalization is

performed for the same band, where as, in ABWE, missing information in the high frequency is

reconstructed. Accordingly, we can combine both to get improved performance. The children’s

NB speech is subjected to ABWE and then VTLN is performed. Only using ABWE it is 4.01%,

where as the combination provides 1.06%. This shows the efficacy of combining ABWE and
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VTLN approaches.

3.5.2 ABWE and Cepstral Truncation

The process of combining ABWE and cepstral truncation is performed in the following

way. All the test files (adults’ and children’s) are first subjected to ABWE. The bandwidth

extended files are segregated based on their warping factor values. The test files for each

warping factor provide best performance for a specific truncation value. This is along the

expected lines as each warping factor represents a specific vocal tract length and pitch value.

Thus the best performance is taken for each warping factor case and then combined to obtain

the final combination result. Table 3.6 gives the different experimental results for adults’

test speech. The highlighted values in each column represents the best number for particular

warping factor. These highlighted values are taken and combined to get the average value for

adults’ case which comes out to be 0.58% which is marginal improvement over 0.61%. This

procedure is an optimistic approach in a theoritical sense to choose the best possible result. The

practical implementation of the same needs an estimation method to choose the best possible

result. The same is adopted in all the remaining results.

Table 3.7 gives the different experimental results for children’s test speech. The highlighted

values in each column represents the best number for particular warping factor. These high-

lighted values are taken and combined to get the average value for children’s case which comes

out to be 2.76% which is significant improvement over 4.01%.

3.5.3 ABWE, VTLN and Cepstral Truncation

The process of combining ABWE, VTLN and cepstral truncation is done in the following

way. All the test files are subjected to ABWE at the first level. The bandwidth extended

files are segregated based on their warping factor values. The segregated test files are warped

using respective warping factors. The bandwidth extended and warped test files are subjected

truncation. As in the earlier case, for each warping factor the best performance is achieved for a

specific truncation value. But this truncation value will be different compared to the earlier case
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Table 3.6: Performance for the adults’ test set on models trained on adults’ speech data set for vari-
ous truncations of base MFCC features along with their VTLN warp factor-wise breakup,
Further respective utterences’ MFCC are warped to respective breakup. The truncated base
MFCC features are also appended with their corresponding first and second order tem-
poral derivatives for recognition. The quantity in bracket gives the number of utterances
corresponding to that VTLN warp factor.

Base WER% for AD ABWE
feature VTLN Warping factor
length 0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08 1.10 1.12

(1) (0) (19) (379) (665) (320) (39) (149) (310) (253) (384) (253) (227) (231) (61) (10) (2)

16 0.00 – 0.00 0.28 0.38 0.37 0.00 0.66 0.00 0.51 0.38 0.21 1.02 0.76 2.67 0.00 0.00
15 0.00 – 0.00 0.38 0.52 0.46 0.00 0.66 0.00 0.51 0.53 0.11 0.90 0.63 2.67 0.00 0.00
14 0.00 – 0.00 0.56 0.52 0.46 0.00 0.66 0.00 0.64 0.53 0.21 0.79 0.76 2.67 0.00 0.00
13 0.00 – 0.00 0.56 0.75 0.37 0.00 0.44 0.00 0.64 0.76 0.21 0.90 1.01 2.67 0.00 0.00
12 0.00 – 0.00 0.56 0.70 0.46 0.00 0.44 0.10 1.03 0.76 0.32 1.02 1.14 2.67 0.00 0.00
11 0.00 – 0.00 0.66 0.66 0.46 0.00 0.44 0.10 1.03 0.76 0.54 1.02 1.14 2.67 0.00 0.00
10 0.00 – 0.00 0.75 0.66 0.55 0.00 0.66 0.00 0.90 0.76 0.54 0.90 1.01 2.67 0.00 0.00
9 0.00 – 0.00 0.85 0.66 0.46 0.00 0.66 0.00 0.90 0.76 0.64 1.02 1.01 2.67 0.00 0.00
8 0.00 – 0.00 1.03 0.70 0.37 0.00 0.88 0.20 0.77 0.76 0.64 1.02 1.01 2.67 0.00 0.00
7 0.00 – 0.00 1.03 0.66 0.37 0.00 0.66 0.20 0.90 0.68 0.64 0.90 1.39 2.67 16.67 0.00
6 0.00 – 2.63 0.94 0.66 0.64 0.00 0.66 0.40 1.03 0.68 0.64 1.02 1.52 3.21 19.11 40.00
5 0.00 – 7.89 1.03 1.08 0.73 0.00 0.66 0.60 1.29 1.07 0.54 1.24 2.15 3.21 16.67 60.00
4 0.00 – 5.26 1.41 1.50 1.10 1.79 2.19 0.79 1.93 1.60 0.86 2.49 3.03 4.28 11.11 20.00
3 0.00 – 15.79 3.67 4.08 4.02 7.14 6.58 3.08 3.99 4.19 3.01 4.41 6.69 5.88 75.00 75.00

due to the VTLN performed on the test files before truncation. Finally, the best performance

is taken for each warping factor case and then combined to obtain the final combination result.

Table 3.8 gives the different experimental results for adults’ test speech. The highlighted values

in each column represents the best number for particular warping factor. These highlighted

values are taken and combined to get the average value for adults’ case which comes out to be

0.50% which is marginal improvement over earlier results of 0.61% and 0.58%.

Table 3.9 tabulates the different experimental results for children’s test speech. The high-

lighted values in each column represents the best number for particular warping factor. These

highlighted values are taken and combined to get the average value for children’s case which

comes out to be 0.97% which is significant improvement over 4.01%, 2.76% and 1.06%. These

results show the effectiveness of combining different approaches for children’s speech recognition

under mismatched condition.
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Table 3.7: Performance for the children’s test set on models trained on adults’ speech data set for var-
ious truncations of base MFCC features along with their VTLN warp factor-wise breakup.
The truncated base MFCC features are also appended with their corresponding first and sec-
ond order temporal derivatives for recognition. The quantity in bracket gives the number
of utterances corresponding to that VTLN warp factor.

Base WER% for CH ABWE
feature VTLN Warping factor
length 0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08 1.10 1.12

(22) (1) (510) (1689) (793) (140) (7) (30) (40) (15) (15) (5) (6) (16) (7) (6) (2)

16 8.57 0.00 14.05 5.86 2.32 2.40 0.00 0.00 4.11 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
15 8.57 0.00 12.30 5.40 2.35 2.16 0.00 0.00 4.11 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
14 5.71 0.00 10.27 4.79 2.17 2.16 0.00 0.00 2.74 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
13 5.71 0.00 8.45 4.20 2.10 1.44 0.00 0.00 4.11 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
12 5.71 0.00 7.70 3.87 2.10 1.44 0.00 0.00 5.48 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
11 5.71 0.00 7.23 3.74 1.89 1.92 0.00 0.91 6.85 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
10 5.71 0.00 6.28 3.46 1.85 2.40 0.00 0.91 6.85 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
9 5.71 0.00 5.81 3.58 1.85 2.40 0.00 0.00 4.11 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
8 8.57 0.00 4.93 3.01 1.96 2.16 0.00 0.91 5.48 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
7 5.71 0.00 5.34 3.28 2.07 2.40 0.00 0.91 4.11 1.96 2.86 0.00 0.00 1.45 0.00 0.00 0.00
6 5.71 0.00 5.61 3.94 2.35 1.68 0.00 0.91 4.11 3.92 0.00 0.00 0.00 2.90 3.70 0.00 0.00
5 5.71 0.00 4.53 3.88 2.57 1.44 0.00 1.82 4.11 0.00 0.00 0.00 0.00 4.35 3.70 0.00 14.29
4 2.86 0.00 5.81 5.25 3.67 1.68 0.00 0.91 2.74 0.00 5.71 0.00 0.00 4.35 0.00 0.00 0.00
3 11.43 0.00 11.22 8.14 5.74 5.77 0.00 3.64 4.11 3.92 5.71 0.00 6.67 14.49 7.41 0.00 28.57

3.6 Summary

The chapter started with the motivation for the work and it was demonstrating the signifi-

cance of ABWE for speech recognition. The first study described the development of TIDIGITS

based digit recognition system using MFCC and HMM. For comparison purpose, ASR system

is developed for both adults’ and children’s speech and also in each, narrowband and wideband

cases. As a practical use, since most of the data is available for adults’ speech case, the models

are trained using adults’ speech and then tested using either adults’ or children’s speech. When

narrowband speech trained adults’ speech models are tested with narrowband adults’ speech,

the performance is best demonstrating the matching condition. Further, the wideband testing

case of adults’ speech further improves performance compared to the narrowband slightly in

case of adults’ speech inferring that there is not much high frequency information in case of

adults.

The narrowband children’s speech tested against narrowband adults’ speech models gave

the worst performance indicating the significant mismatch. Alternatively, the wideband chil-
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Table 3.8: Performance for the adults’ test set on models trained on adults’ speech data set for vari-
ous truncations of base MFCC features along with their VTLN warp factor-wise breakup.
Further respective utterances MFCCs are warped using respective warp factor. The trun-
cated base MFCC features are also appended with their corresponding first and second order
temporal derivatives for recognition. The quantity in bracket gives the number of utterances
corresponding to that VTLN warp factor.

Base WER% for AD ABWE + VTLN
feature VTLN Warping factor
length 0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08 1.10 1.12

(1) (0) (19) (379) (665) (320) (39) (149) (310) (253) (384) (253) (227) (231) (61) (10) (2)

16 0.00 – 0.00 0.38 0.42 0.27 0.00 0.88 0.00 0.51 0.38 0.11 0.90 1.01 2.67 0.00 0.00
15 0.00 – 0.00 0.38 0.47 0.27 0.00 0.88 0.00 0.51 0.53 0.11 0.79 1.01 2.67 0.00 0.00
14 0.00 – 0.00 0.38 0.56 0.37 0.00 0.66 0.00 0.64 0.53 0.21 0.90 0.88 2.67 0.00 0.00
13 0.00 – 0.00 0.38 0.56 0.37 0.00 0.66 0.00 0.64 0.76 0.21 0.68 1.01 2.67 0.00 0.00
12 0.00 – 0.00 0.38 0.52 0.27 0.00 0.66 0.00 1.03 0.76 0.32 0.68 1.14 2.67 0.00 0.00
11 0.00 – 0.00 0.38 0.52 0.37 0.00 0.66 0.00 1.03 0.76 0.43 1.02 1.14 2.67 0.00 0.00
10 0.00 – 0.00 0.38 0.47 0.37 0.00 0.44 0.00 0.77 0.76 0.54 0.90 1.14 2.67 0.00 0.00
9 0.00 – 0.00 0.47 0.61 0.37 0.00 0.44 0.10 0.90 0.76 0.64 1.13 1.14 2.67 0.00 0.00
8 0.00 – 0.00 0.47 0.66 0.27 0.00 0.66 0.20 0.77 0.76 0.64 1.02 1.14 2.67 0.00 0.00
7 0.00 – 0.00 0.85 0.75 0.46 0.00 0.66 0.30 0.90 0.68 0.64 0.79 1.26 2.67 0.00 0.00
6 0.00 – 2.63 0.75 0.94 0.55 0.00 0.66 0.40 1.29 0.68 0.64 0.90 1.26 3.21 0.00 0.00
5 0.00 – 2.63 1.03 1.17 0.82 0.00 1.10 0.60 1.29 1.07 0.64 0.90 1.64 3.21 16.67 0.00
4 0.00 – 2.63 1.13 1.41 1.19 1.79 1.97 1.09 2.19 1.60 0.86 1.81 2.40 4.28 11.11 40.00
3 0.00 – 7.89 3.01 4.17 4.48 7.14 6.80 3.17 3.99 4.19 2.79 3.85 4.92 5.88 11.11 40.00

dren’s speech tested against wideband adults’ speech models gave significant improvement in

performance compared to narrowband case inferring the presence of significant high frequency

information for children’s case. This also indicates that, if ABWE method is used then, we

may benefit in children’s speech case. To experimentally verify this fact, an existing mostly

used ABWE method is implemented and ASR study is performed. The ABWE extended chil-

dren’s speech provided significant performance improvement compared to its narrowband case,

demonstrating the significance of ABWE for children’s speech recognition under mismatched

condition. However, ABWE seem to be not effective for adults’ speech as there is not much

information in the high frequency range.

The VTLN alone also improved the ASR performance significantly in case of children’s

speech, for both narrowband and wideband cases. This will tempt to conclude that VTLN will

suffice to reduce mismatch in case of children’s speech. However, the combination of VTLN

with ABWE further improves performance as compared any of the individual cases. This shows

that there is some different information in both VTLN and ABWE methods. This is true also,
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Table 3.9: Performance for the children’s test set on models trained on adults’ speech data set for var-
ious truncations of base MFCC features along with their VTLN warp factor-wise breakup,
Further respective utterances’ MFCC are warped to respective breakup. The truncated base
MFCC features are also appended with their corresponding first and second order tem-
poral derivatives for recognition. The quantity in bracket gives the number of utterances
corresponding to that VTLN warp factor.

Base WER% for CH ABWE + VTLN
feature VTLN Warping factor
length 0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08 1.10 1.12

(22) (1) (510) (1689) (793) (140) (7) (30) (40) (15) (15) (5) (6) (16) (7) (6) (2)

16 2.86 0.00 1.01 1.10 0.86 0.72 0.00 0.00 5.48 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
15 2.86 0.00 1.15 1.02 0.86 0.48 0.00 0.00 5.48 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
14 5.71 0.00 0.95 1.05 0.93 0.96 0.00 0.00 4.11 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
13 5.71 0.00 0.95 1.10 0.96 0.96 0.00 0.91 4.11 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
12 2.86 0.00 0.88 1.05 0.96 0.48 0.00 0.91 5.48 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
11 2.86 0.00 1.01 1.05 1.07 0.72 0.00 0.00 6.85 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
10 2.86 0.00 0.95 1.23 1.07 0.72 0.00 0.00 5.48 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
9 2.86 0.00 1.22 1.32 1.18 0.72 0.00 0.00 5.48 0.00 0.00 0.00 0.00 2.90 0.00 0.00 0.00
8 2.86 0.00 1.28 1.25 1.21 1.20 0.00 0.00 4.11 0.00 0.00 0.00 0.00 1.45 0.00 0.00 0.00
7 2.86 0.00 1.49 1.37 1.07 0.96 0.00 0.00 4.11 1.96 2.86 0.00 0.00 1.45 0.00 0.00 0.00
6 2.86 0.00 1.76 2.03 1.82 1.68 0.00 0.91 2.74 3.92 0.00 0.00 0.00 1.45 0.00 0.00 0.00
5 5.71 0.00 2.03 2.65 2.00 1.44 0.00 1.82 4.11 0.00 0.00 0.00 0.00 2.90 3.70 0.00 0.00
4 8.57 0.00 3.51 3.81 2.96 1.68 0.00 0.91 2.74 0.00 5.71 0.00 0.00 4.35 3.70 0.00 0.00
3 8.58 0.00 8.45 7.61 6.13 5.53 0.00 3.64 4.11 3.92 5.71 0.00 6.67 11.59 0.00 0.00 28.57

as VTLN only performs normalization only within the given band, where as, ABWE tries to

reconstruct information outside the band also.

The truncation of MFCC coefficients also provides significant performance improvement in

children’s speech case and degradation in case of adults’ speech. This shows that the pitch

and vocal tract length mismatch is significantly high in case of children’s speech. Alternatively,

truncation leads to removal of crucial vocal tract information in case of adults’ speech. Thus

truncation of coefficients is effective in case of children’s speech recognition under mismatched

condition. Compared to narrowband, the wideband case provides better performance for chil-

dren’s speech in the truncated features case. This shows that, higher band information helps

in children’s speech recognition along with cepstral truncation. Therefore using ABWE along

with cepstral truncation provided a performance which is significantly better compared to only

by truncation of coefficients. Thus the information offered by both the cases are different. The

combination of VTLN, ABWE and truncation approaches provides the best performance.

The following conclusions can be made from the studies performed in this chapter: (1)
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ABWE is effective for children’s speech recognition under mismatched condition. (2) The

information offered by ABWE approach is different compared to those of VTLN and cepstral

truncation and can be used in combination with any of these methods for further improving

performance. (3) The combination study indeed infers this fact. (4) Therefore development any

new ABWE method is an added value to the children’s speech recognition under mismatched

condition.
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4. Proposed ABWE Improvements using Auxiliary Information

The previous chapter demonstrated the significance of ABWE for children’s speech recog-

nition under mismatched condition. The ABWE indeed improves the ASR performance signif-

icantly. Also, the information provided by ABWE is different compared to that of VTLN or

coefficient truncation which are earlier used for children’s speech recognition under mismatched

condition. As a result any new ABWE method developed will be an added value to VTLN

and coefficient truncation approaches. The motivation is therefore to develop new methods for

ABWE and demonstrate their usefulness for children’s speech recognition under mismatched

condition.

There are several methods in the literature for ABWE [10–14]. However, most of them are

based on source-system or vocoder framework. In the vocoder framework, the ABWE speech

is synthesized from the extended vocal tract and excitation source information. Also, the

improvement achieved is measured in terms of improvement in the perceptual quality. In the

present work, the focus is on improving the ASR performance and for this, the ABWE features

that provide improved ASR performance will suffice without worrying about the synthesis part

and also resulting speech perceptual quality. Also, it may be noted that improving perceptual

quality may not necessarily improve the ASR performance. Therefore the focus of this work is

to develop some ABWE methods that improve children’s speech recognition under mismatched

condition.

As described in the previous chapter, the framework considered for the study is an avail-

ability of ASR system where the models are trained using speech from adult speakers. This is

a practical assumption as most of the speech data available for building ASR system is mostly

collected from adult speakers. In such a scenario, if the system is to be used by children, then

due to mismatch, the ASR performance decreases significantly. To improve the performance,

the mismatch needs to be reduced. The VTLN only adapts the available information in the

given children’s speech data into the adults’ speech model based on vocal tract length normal-

ization. The coefficient truncation smooths the fluctuations present in the short term spectra

and accordingly reduces the mismatch. In both these no new information is added to the avail-

able children’s speech. However, as analyzed in the previous chapters, the children’s speech
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will have most of the information in the high frequency range and the narrowband version of

children’s speech has lot of information missing in it. Therefore the most beneficial one is to

perform ABWE on the given NB children’s speech.

The first difference that will happen between features of speech from adult and child speak-

ers is the variation in the distribution of the feature space. To keep the variabilities minimum,

a suggested approach is to use class-specific information. That is constrain the training and

testing process using the class-specific knowledge. At the gross-level, there is significant differ-

ence between adults’ and children’s speech. Due to rapid change in the vocal tract and source

physical structure and associated dynamics, the variability within the broad category children’s

speech may be very high compared to adults’ speech. As a result benefit may be achieved by

exploiting the age-specific information in case of children’s speech. Since the dynamics associ-

ated with speech production depends on the age of the speaker, the same can be exploited by

computing the dynamic features and using them along with standard static features.

All the above mentioned observations represent different aspects and children’s speech and

hence are termed as auxiliary information. This chapter develops ABWE methods by exploit-

ing this auxiliary information. The rest of the chapter is organized as follows: Section 4.1

describes different statistical measures and also computing them for different cases of auxiliary

information to motivate the present work. The development of ABWE method using class-

specific information is described in Section 4.2. Section 4.3 describes development of feature

domain MFCC based ABWE. The ABWE using age-specific and delta features is described in

Section 4.4. The chapter is summarized and concluded in Section 4.5.

4.1 Comparison of Children’s and Adults’ Speech using

Statistical Measures

The dependency between NB and HB exists due to the physical nature of human speech

production. Further, this dependency is affected by the speaker’s vocal tract configuration.

Accordingly, we can expect the variability in the dependency between NB and HB depending

on whether the speech is from children or adult. Thus the dependency information is useful for
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developing new ABWE methods.

We can investigate and quantify the dependency between the spectral envelopes of speech

in disjoint frequency bands, namely, NB and HB using the concept of mutual information. Let

X = {X1,X2, ...,XM} and Y = {Y1,Y2, ...,YM} be the feature sequences corresponding to

NB and HB, respectively.

4.1.1 Mutual Information (I)

The mutual information between the NB and HB feature sequences is computed as

̂I(X;Y) =
1

M

M∑

m=1

log2

(
fGMM(Xm,Ym)

fGMM(Xm)fGMM(Ym)

)
(4.1)

where fGMM(.) is the GMM density function and Î(.; .) is the estimate of the mutual informa-

tion. fGMM(Xm) and fGMM(Ym) are calculated as the marginal distribution from the joint

distribution fGMM(Xm,Ym).

4.1.2 Differential Entropy (H)

The entropy can be used to measure the amount of new information or degree of uncertainty

present in the given feature sequence. The differential entropy of the variable Y can be defined

as

h(Y ) = −

∫

Ωy

fY (y)log2(fY (y))dy (4.2)

where Ωy is the value space of Y .

Replacing the integral with a summation and the pdf by the corresponding probability mass

function, we obtain the definition of entropy, H(Y ). Furthter, in order to compute the mutual

information between the high-band, the GMM models describing the joint and marginal pdfs

are used. A direct computation of the mutual information or differential entropy from the pdf’s

modeled by the GMM is non-trivial for models with more than one mixture component. Thus

the numnerical method of stochastic integration is used. Based on these approximations, the
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differential entropy of the HB is estimated as

Ĥ(Y) = −
1

M

M∑

m=1

log2 (fGMM(Ym)) (4.3)

4.1.3 Ratio Measure (RIH)

Given the NB and HB, the mutual information gives the dependency among the two disjoint

bands and the differential entropy gives amount of new information present in the HB. For

ABWE, our interest is in finding how large the remaining uncertainty of the HB is, given the

NB. This is done by determining the ratio between the mutual information of the two bands

and the entropy of the HB given by

R̂IH(%) =
̂I(X;Y)

Ĥ(Y)
× 100 (4.4)

4.1.4 Separability (ε)

The separability measure is well known from statistics [138]. It quantifies the discriminative

power of a feature set for a classification task. The separability is known as a measure for the

quality of a particular feature set for a classification problem [138]. The separability measure

can be calculated from a labelled set of training data, i.e. for each feature vector in the set,

the corresponding class must be known. Let Ξ denote the set of feature vectors x assigned to

the i-th class. The number of feature vectors in the i-th set is NΞi
= |Ξi|. Let Ns be the total

number of classes for the classification task and let Nm be the total number of feature vectors

in the training data (from all classes).

From the training data, the within-class covariance matrix is given by

Vx =
1

Nm

Ns∑

i=1

∑

x∈Ξi

(x− µi)(x− µi)
T (4.5)

and the between-class covariance matrix is given by

Bx =

Ns∑

i=1

NΞi

Nm

(µi − µ)(µi − µ)T (4.6)
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are calculated, where

µi =
1

NΞi

∑

x∈Ξi

x and µ =

Ns∑

i=1

NΞi

Nm

µi (4.7)

The separability measure shall be larger if the between-class covariance gets smaller or if the

within-class covariance gets larger. Accordingly, the separability measure is empirically defined

by the term

Jx = V−1
x
Bx (4.8)

To obtain a scalar measure for the separability of the classes a trace criterion is used [138]

ε(x) = tr(Jx) = tr(V−1
x
Bx) (4.9)

The separability depends on the definition of the classes. Comparing ε(x) for different

feature vectors x with the same class definitions, a larger value indicates a better suitability of

the corresponding feature vector for classification and estimation

Table 4.1 lists the mutual information between NB and HB, HB entropy and ratio measure

computed for different classes (digits) for speech of both children and adults. These measures

were applied over the speech signals after different types of ABWE transformation (global and

class specific). The transformations are learnt using the training data, different from that of

test data. To compute the measures, the test data was applied on the learnt transformations.

It can be observed that the I, H and RIH varies across different classes. It is to note that the

averaged RIH increases from 3.03% for global transformation case to 11.64% using class specific

transformation. This demonstrates the significance of exploiting class-specific information for

ABWE. It is also interesting to note that the increase in the averaged RIH for children’s

speech is less than that for adults speech. This trend may be attributed to the loss of spectral

information for children in case of narrowband and and also higher variability in the vocal tract

length. The separability measure shows a lower value for the children’s speech compared to

that of adult. This may be attributed to significant overlap of class-specific information in the

feature space. However, since RIH shows significant increase, ABWE method can be developed

using class (digit) specific information.
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Table 4.1: The mutual information ( ̂I(X;Y )), high-band entropy (Ĥ(Y )), and their ratio (R̂IH)
for children’s and adults’ speech with application of global and class specific ABWE trans-
form.Separability ε(x) for children’s and adults’ speech with application of global ABWE
transform.

Children
Class Global transformation Class specific transformation

̂I(X;Y ) Ĥ(Y ) R̂IH
̂I(X;Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] %

one 0.96 47.65 2.02 5.35 50.46 10.61
two 1.66 48.77 3.40 6.09 50.50 12.06
three 1.39 48.74 2.85 4.81 49.47 9.72
four 1.25 48.05 2.60 5.01 50.64 9.89
five 1.57 47.52 3.31 8.65 52.89 16.36
six 3.05 50.02 6.09 5.41 50.10 10.60
seven 1.86 48.67 3.83 6.71 50.55 13.28
eight 2.26 48.31 4.69 6.77 51.50 13.15
nine 0.75 47.86 1.58 6.10 50.35 12.11
zero 0.49 48.99 1.00 3.59 47.97 7.48
oh 0.86 48.33 1.78 6.48 50.23 12.89

Avg. 1.47 48.47 3.03 5.90 50.50 11.64

Adults
Class Global transformation Class specific transformation

̂I(X;Y ) Ĥ(Y ) R̂IH
̂I(X;Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] %

one 0.86 48.78 1.76 6.23 51.94 11.99
two 1.13 48.27 2.34 6.78 52.10 13.02
three 1.05 47.99 2.20 6.23 51.69 12.07
four 1.60 47.48 3.36 6.48 52.69 12.30
five 1.98 47.86 4.13 9.51 52.80 18.02
six 3.14 50.42 6.22 7.43 51.85 14.32
seven 1.62 48.91 3.31 9.59 52.17 18.39
eight 1.32 48.46 2.73 7.03 51.63 13.61
nine 0.97 47.53 2.04 7.82 51.70 15.13
zero 0.84 48.61 1.73 3.71 48.98 7.57
oh 1.50 47.95 3.12 6.59 51.17 12.88

Avg. 1.48 48.42 3.05 7.05 51.68 13.59

Separability ε(x)
Children Adults

Global transformation Global transformation
Avg. 4.70 6.22
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Table 4.2 shows the I, H, RIH and ε computed by exploiting the age-specific information.

It can be noted that, there is no increase in the RIH value by exploiting the age-specific

information. However, the separability value increases which demonstrates that, the feature set

using age-specific information is more discriminative compared to global transform. Therefore

age-specific information can also be exploited for ABWE.

Table 4.2: The mutual information ( ̂I(X;Y )), the high-band entropies (Ĥ(Y )), and their ratios
(R̂IH) for children’s speech with application of global and age specific ABWE transforms.
Separability ε(x) for children’s speech with application of global ABWE and age specific
transform.

Children
Age Global transformation Age Specific transform

in ̂I(X;Y ) Ĥ(Y ) R̂IH
̂I(X;Y ) Ĥ(Y ) R̂IH

years [bits] [bits] % [bits] [bits] %

06 7.43 32.85 22.61 7.44 33.19 22.43
07 6.05 32.76 18.47 5.92 32.89 18.01
08 6.12 32.78 18.68 6.06 32.99 18.38
09 6.05 32.84 18.41 5.97 33.10 18.04
10 5.83 32.89 17.73 5.74 33.12 17.33
11 5.82 32.76 17.76 5.70 33.00 17.27
12 5.46 32.85 16.61 4.93 33.00 14.95
13 5.19 32.79 15.83 4.31 32.84 13.14
14 5.22 32.86 15.89 4.29 32.88 13.04
15 5.14 32.80 15.67 4.24 32.82 12.91

Avg. 5.87 32.81 17.88 5.68 33.02 17.20

Separability ε(x)
Global transformation Age Specific transform

Avg. 7.62 8.18

Table 4.3 shows that I, H, RIH and ε values computed using the delta (∆) features. The

delta features, essentially refers to the measure of change happening in the feature sequence.

That is how, the features are changing with time. Using delta features, increases both the ratio

as well as separability values inferring that the delta (∆) features can be exploited for ABWE.
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Table 4.3: The mutual information ( ̂I(X;Y )), the high-band entropies (Ĥ(Y )), and their ratios
(R̂IH) for children’s speech with application of global and age specific ABWE transforms
with ∆. Separability ε(x) for children’s speech with application of global ABWE and age
specific transform with ∆.Half window size, Θ = 13 is selected to compute ∆.

Children
Global transformation Age Specific transform

Age with ∆ with ∆

in ̂I(X;Y ) Ĥ(Y ) R̂IH
̂I(X;Y ) Ĥ(Y ) R̂IH

years [bits] [bits] % [bits] [bits] %

06 16.37 47.01 34.83 27.36 51.64 52.98
07 12.79 45.10 28.36 15.21 44.29 34.33
08 12.92 45.49 28.39 15.38 44.41 34.62
09 13.21 45.72 28.90 14.05 43.42 32.35
10 12.62 45.42 27.79 14.28 43.48 32.84
11 12.46 45.06 27.65 14.75 44.20 33.37
12 12.12 45.27 26.78 15.06 44.37 33.94
13 11.91 45.28 26.31 15.01 44.49 33.74
14 11.95 45.38 26.33 15.19 44.67 34.00
15 11.81 45.21 26.13 15.15 44.61 33.97

Avg. 12.68 45.36 27.96 14.92 44.14 33.80

Separability ε(x)
Global transformation Age Specific transform

with ∆ with ∆
Avg. 7.86 8.57

Table 4.4 shows the I, H and RIH for different values of ∆ computed in the global trans-

formation case. In this case, no age information is used. As it can be observed, the computed

values are sensitive to the ∆ value. That is, as the ∆ value increases, the values of all the

parameters increases. This shows the significance of ∆ feature.
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4.1 Comparison of Children’s and Adults’ Speech using Statistical Measures

Table 4.4: The mutual information ( ̂I(X;Y )), the high-band entropies (Ĥ(Y )), and their ratios
(R̂IH) for children’s speech with application of global ABWE transforms with ∆.Half win-
dow size, Θ is selected between range of 1 to 15 to compute ∆.

ABWE-GT+∆
Age in Half window size, Θ
years 1 2 3 4 5

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] %
06 11.66 34.87 33.44 12.31 37.99 32.40 12.26 39.13 31.32 13.34 41.35 32.27 13.05 42.44 30.75
07 10.42 34.40 30.29 11.11 37.44 29.66 10.87 38.53 28.20 11.65 40.51 28.76 11.34 41.43 27.38
08 10.48 34.70 30.19 11.46 37.81 30.30 11.05 38.87 28.42 11.93 40.89 29.18 11.65 41.83 27.84
09 10.54 34.71 30.38 11.59 37.88 30.60 11.15 38.92 28.64 12.04 40.97 29.40 11.72 41.92 27.95
10 10.37 34.63 29.96 11.25 37.81 29.74 10.81 38.85 27.82 11.69 40.88 28.59 11.42 41.81 27.32
11 10.21 34.32 29.75 11.15 37.43 29.78 10.67 38.50 27.71 11.36 40.44 28.10 11.18 41.40 27.01
12 10.06 34.61 29.06 11.01 37.68 29.23 10.45 38.79 26.95 11.31 40.69 27.79 11.06 41.64 26.56
13 9.93 34.64 28.69 10.90 37.69 28.92 10.29 38.80 26.53 11.15 40.69 27.41 10.88 41.63 26.13
14 9.93 34.69 28.63 10.95 37.76 28.99 10.32 38.86 26.56 11.23 40.77 27.53 10.93 41.71 26.20
15 9.90 34.61 28.61 10.86 37.66 28.82 10.26 38.78 26.47 11.12 40.65 27.35 10.84 41.59 26.07

Avg. 10.33 34.56 29.90 11.27 37.68 29.90 10.82 38.74 27.92 11.64 40.73 28.59 11.38 41.67 27.32

Age in Half window size, Θ
years 6 7 8 9 10

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] %
06 13.45 43.29 31.08 13.76 44.22 31.11 13.68 44.34 30.86 13.47 44.96 29.96 14.55 45.58 31.91
07 11.63 42.23 27.53 11.67 42.95 27.17 11.61 43.13 26.92 11.29 43.66 25.86 12.10 44.21 27.36
08 12.12 42.64 28.41 12.15 43.40 27.99 11.97 43.54 27.49 11.62 44.04 26.38 12.39 44.57 27.79
09 12.15 42.72 28.45 12.14 43.46 27.93 12.00 43.60 27.53 11.74 44.14 26.60 12.67 44.74 28.32
10 11.76 42.61 27.61 11.71 43.33 27.03 11.55 43.45 26.57 11.27 43.98 25.62 12.11 44.53 27.19
11 11.66 42.20 27.63 11.59 42.92 27.01 11.47 43.11 26.61 11.18 43.62 25.63 12.02 44.23 27.19
12 11.44 42.46 26.96 11.27 43.14 26.12 11.23 43.33 25.91 10.87 43.81 24.81 11.76 44.41 26.48
13 11.30 42.45 26.62 11.08 43.14 25.69 11.06 43.32 25.52 10.70 43.80 24.42 11.57 44.40 26.05
14 11.41 42.54 26.83 11.16 43.22 25.83 11.13 43.40 25.64 10.79 43.89 24.58 11.63 44.49 26.15
15 11.23 42.41 26.49 11.00 43.09 25.53 11.00 43.27 25.42 10.62 43.75 24.27 11.53 44.35 26.00

Avg. 11.80 42.48 27.79 11.75 43.20 27.21 11.64 43.37 26.83 11.33 43.88 25.82 12.18 44.46 27.4

Age in Half window size, Θ
years 11 12 13 14 15

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] %
06 14.03 46.06 30.45 15.27 46.56 32.81 16.37 47.01 34.83 15.91 47.49 33.50 15.55 47.18 32.97
07 11.59 44.62 25.97 12.46 44.88 27.77 12.79 45.10 28.36 12.35 45.52 27.13 12.22 45.51 26.86
08 11.91 44.98 26.48 12.60 45.25 27.85 12.92 45.49 28.39 12.49 45.93 27.19 12.37 45.92 26.95
09 12.19 45.19 26.98 12.85 45.45 28.27 13.21 45.72 28.90 12.87 46.19 27.86 12.72 46.17 27.55
10 11.62 44.92 25.86 12.24 45.18 27.10 12.62 45.42 27.79 12.28 45.87 26.77 12.20 45.89 26.58
11 11.43 44.60 25.64 12.04 44.84 26.84 12.46 45.06 27.65 12.11 45.50 26.61 11.99 45.54 26.34
12 11.24 44.79 25.09 11.72 45.02 26.03 12.12 45.27 26.78 11.85 45.71 25.93 11.80 45.75 25.79
13 11.06 44.79 24.70 11.52 45.02 25.59 11.91 45.28 26.31 11.68 45.72 25.55 11.62 45.77 25.40
14 11.12 44.88 24.77 11.56 45.11 25.63 11.95 45.38 26.33 11.73 45.82 25.60 11.66 45.87 25.41
15 11.02 44.74 24.63 11.44 44.95 25.45 11.81 45.21 26.13 11.58 45.65 25.36 11.52 45.69 25.21

Avg. 11.66 44.86 25.99 12.30 45.11 27.26 12.68 45.36 27.96 12.33 45.80 26.91 12.22 45.81 26.67
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4. Proposed ABWE Improvements using Auxiliary Information

Table 4.5 shows I, H and RIH for different values of ∆ computed in the age-specific case. As

in the global transform case, it can be observed that the computed values are sensitive to the

∆ value. That is, as the ∆ value increases, the values of all the parameters increases. However,

the use of age-specific information reflects the speaking rate information represented in the

form of higher values for these parameters. In case of children with smaller age, the values of

the parameters are high for higher delta values. Alternatively, the values are higher in case of

higher age groups children for smaller values of ∆. This infers that, the variability associated

with children’s speaking rate is indeed reflected in the estimated parameters of I, H and RIH

using age-specific information.
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4.1 Comparison of Children’s and Adults’ Speech using Statistical Measures

Table 4.5: The mutual information ( ̂I(X;Y )), the high-band entropies (Ĥ(Y )), and their ratios
(R̂IH) for children’s speech with application of age Specific ABWE transforms with ∆.Half
window size, Θ is selected between range of 1 to 15 to compute ∆.

ABWE-AG+∆
Age in Half window size, Θ
years 1 2 3 4 5

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] %
06 18.68 39.13 47.74 18.77 42.64 44.02 21.63 45.38 47.67 23.08 47.21 48.89 24.12 48.58 49.66
07 11.44 35.07 32.61 12.29 38.27 32.12 12.80 39.67 32.26 13.91 41.35 33.64 14.69 42.14 34.86
08 12.06 34.82 34.63 12.54 37.02 33.87 12.76 38.59 33.08 13.14 40.22 32.67 14.19 41.70 34.03
09 12.07 34.06 35.44 12.11 37.32 32.44 12.73 38.57 33.01 13.08 40.27 32.49 12.99 40.93 31.74
10 10.97 34.21 32.09 12.27 36.89 33.26 12.46 38.28 32.55 12.88 39.98 32.22 13.94 41.20 33.84
11 12.38 35.14 35.22 12.45 38.16 32.62 13.51 39.95 33.81 13.71 41.23 33.25 14.77 42.39 34.86
12 12.29 35.03 35.09 12.58 38.07 33.06 13.80 39.96 34.54 13.93 41.07 33.92 14.47 42.18 34.31
13 12.43 35.19 35.31 12.81 38.18 33.56 13.88 40.16 34.56 14.23 41.39 34.39 14.75 42.45 34.74
14 12.55 35.26 35.60 12.91 38.29 33.72 14.00 40.27 34.76 14.25 41.46 34.38 14.85 42.57 34.89
15 12.41 35.26 35.21 12.78 38.29 33.37 13.95 40.21 34.69 14.24 41.43 34.38 14.77 42.55 34.71

Avg. 12.06 34.81 34.65 12.48 37.70 33.11 13.20 39.31 33.59 13.58 40.80 33.28 14.34 41.90 34.22

Age in Half window size, Θ
years 6 7 8 9 10

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] %
06 25.13 49.75 50.51 26.35 50.62 52.06 27.36 51.64 52.98 27.99 52.53 53.28 26.58 52.51 50.63
07 15.01 43.02 34.88 15.56 43.74 35.57 15.21 44.29 34.33 15.01 44.59 33.66 14.90 45.11 33.04
08 14.77 42.79 34.52 15.29 43.71 34.98 15.38 44.41 34.62 15.56 44.95 34.62 15.43 45.21 34.13
09 13.80 42.19 32.72 14.20 42.87 33.12 14.05 43.42 32.35 14.19 43.95 32.29 14.28 44.44 32.14
10 14.11 42.03 33.58 14.30 42.92 33.32 14.28 43.48 32.84 14.13 43.87 32.21 13.60 44.09 30.85
11 15.42 43.40 35.52 14.97 43.73 34.23 14.75 44.20 33.37 15.24 44.83 33.99 15.97 45.45 35.14
12 14.20 42.88 33.11 14.44 43.55 33.16 15.06 44.37 33.94 15.16 44.82 33.84 14.90 45.06 33.06
13 14.34 43.05 33.31 14.62 43.76 33.40 15.01 44.49 33.74 15.16 44.96 33.73 15.11 45.28 33.36
14 14.54 43.21 33.65 14.75 43.92 33.59 15.19 44.67 34.00 15.33 45.13 33.97 15.31 45.45 33.68
15 14.45 43.17 33.48 14.71 43.86 33.54 15.15 44.61 33.97 15.38 45.12 34.09 15.26 45.42 33.59

Avg. 14.74 42.87 34.38 14.91 43.54 34.24 14.92 44.14 33.80 15.09 44.65 33.80 15.13 45.05 33.58

Age in Half window size, Θ
years 11 12 13 14 15

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH
̂I(X ; Y ) Ĥ(Y ) R̂IH

̂I(X ; Y ) Ĥ(Y ) R̂IH

[bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] % [bits] [bits] %
06 28.83 53.74 53.64 27.83 53.77 51.75 27.97 54.13 51.67 30.18 55.25 54.62 30.67 55.61 55.16
07 14.71 45.61 32.25 14.98 46.19 32.42 15.05 46.50 32.36 15.72 46.99 33.46 16.44 47.67 34.49
08 15.79 45.72 34.53 15.92 46.17 34.47 16.09 46.61 34.53 16.35 47.04 34.76 15.88 47.47 33.46
09 13.91 44.82 31.03 14.92 45.59 32.73 15.16 45.87 33.04 15.31 46.25 33.11 15.45 46.69 33.10
10 13.49 44.46 30.34 14.05 45.30 31.03 13.44 45.28 29.68 13.67 45.71 29.90 13.82 46.12 29.97
11 16.35 45.87 35.64 15.44 46.09 33.49 15.79 46.36 34.07 14.94 46.56 32.09 15.12 46.95 32.21
12 15.19 45.44 33.43 14.88 45.69 32.57 14.71 46.12 31.90 14.29 46.34 30.84 14.34 46.71 30.70
13 15.41 45.66 33.75 15.05 45.86 32.81 14.99 46.30 32.37 14.57 46.53 31.32 14.72 46.97 31.34
14 15.51 45.79 33.88 15.21 46.03 33.04 15.16 46.46 32.62 14.75 46.70 31.59 14.86 47.10 31.55
15 15.48 45.78 33.82 15.15 46.00 32.93 15.10 46.44 32.51 14.70 46.70 31.47 14.80 47.10 31.43

Avg. 15.27 45.48 33.57 15.26 45.95 33.20 15.31 46.24 33.11 15.20 46.58 32.63 15.29 47.01 32.53
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4. Proposed ABWE Improvements using Auxiliary Information

Motivated by earlier work [90], we also calculated the mutual information between bands

with inclusion of ∆ by combining static and delta features as [C0 −C4,∆C0 −∆C4] and [C0 −

C2,∆C0 −∆C2] for LB and HB, respectively. Thus the length of features is kept identical for

with/without delta features. Fig. 4.1 shows the plots for both global and age-specific ABWE

cases for with/without delta features. It is to note that without deltas in MFCC feature, the

ratio for global and age-specific ABWE are very close. However, the relative increase is much

more for age-specific ABWE than that for global ABWE with delta features.
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4.1 Comparison of Children’s and Adults’ Speech using Statistical Measures

Figure 4.1: Plot of ratios (R̂IH) for global (ABWE-GT) and age-specific (ABWE-AG) models with
and without ∆ (a). Plot of Separability (ε(x)) for global (ABWE-GT) and age-specific
(ABWE-AG) models with and without ∆ (b). Half window size, Θ is selected between
range of 1 to 15 to compute ∆.
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4. Proposed ABWE Improvements using Auxiliary Information

As demonstrated in the earlier tables and figures, the use of class-specific, age-specific and

delta information indeed improves the ratio and separability values. Therefore these can be

exploited for developing ABWE methods. The development of different ABWE methods using

these information is explained in the following sections.

4.2 ABWE using Class-Specific Information

In the previous chapter, a significant improvement in the recognition performance of nar-

rowband children’s speech in mismatched condition (i.e, against adults acoustic models) was

noted with ABWE. In that work narrowband speech is artificially extended by GMM based

ABWE algorithm which exploits the correlation between NB and HB speech signals. The mu-

tual information between NB and HB speech varies widely across different speech classes. Thus

the use of class specific ABWE transformation is expected to result in further improvement.

Motivated by this, in this study we explore methods for applying class-specific ABWE trans-

formations in the context of mismatched children’s speech recognition. In contrast to a similar

nature work [105], this work explores finer (non-phonetic) unsupervised classification of speech

and children’s ASR context.

4.2.1 Derivation of Class Information for ABWE Transformation

It is well known that mutual information between the narrowband and the higher band

spectra varies across the speech signal. So the use of global ABWE transformer may not be

optimal. It would be better to train different ABWE transformer for each of the classes present

in speech. Given a speech signal, the derivation of the class information is a non-trivial problem.

The phonetic/word labelling of the speech signal is the natural way to incorporate the speech

class information for ABWE, but for deriving the phone/word labels, one is required to do the

phone/word recognition prior to ABWE of the narrowband signals. It not only increases the

complexity of the overall ABWE system, but also limited by the levels of accuracy achieved by

the phone/word recognizer. On the other hand there are some methods reported in literature

which employ data driven clustering for ABWE instead of using the phone/word classification.
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4.2 ABWE using Class-Specific Information

In the following, we describe two approaches explored for the incorporation of class information

for ABWE. The first one is an unsupervised non-phonetic data driven classification approach

and the other one is supervised approach using the oracle word level classification. The purpose

of the later approach is to benchmark the performance of class specific ABWE transformation.

4.2.1.1 Unsupervised Classification

For the unsupervised classification, we have used an algorithm proposed in [122]. It uses an

HMM based unsupervised joint feature analysis framework to build a correlation model between

narrowband and higher band speech. The HMM based unsupervised classifier is used to jointly

segment temporal and spectral features. The joint temporal and spectral feature patterns are

used to form a correlation model between NB and HB speech.

An HMM (ΓZ) is trained using the joint feature Z, to capture recurrent phonetic segments

in speech. The HMM (ΓZ) is composed of N parallel HMMs, {γZ

1 , γ
Z

2 , . . . , γ
Z

N}, where γZ

N is

chosen to be a single state HMM {SN} with diagonal covariance GMM. Given the joint fea-

ture sequence, {Z1,Z2, ...,ZM} where ZM denotes the joint feature vector for M th frame, the

segmentation of the feature sequence is performed using the Viterbi decoding to maximize the

probability of model match. The Viterbi decoding yields a state sequence {SZ

1 , S
Z

2 , . . . , S
Z

M}

associated with the feature sequence Z. The correspondence between states SZ

M and feature

vectors ZM forms vector quantization like classification which also benefits from temporal cor-

relation due to the nature of the HMM structure. For class-specific ABWE transformation, the

HMM based data driven unsupervised classification is performed for sufficient large amount of

development speech data and then separate GMM based ABWE transformer is trained for each

of the data driven classes.

For deriving the class information for the narrowband speech signal to be bandwidth ex-

tended the following procedure is used:

(i) The NB features X are extracted from the given narrowband speech.

(ii) As the joint feature based HMM model ΓZ uses GMM with diagonal covariance matrices,

it allows the extraction of the HMM model ΓX for the narrowband feature by simple
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4. Proposed ABWE Improvements using Auxiliary Information

partition of joint feature vector.

(iii) Temporal segmentation of the NB feature sequence X is derived by decoding with the

HMM model ΓX to extract the sub-phone patterns with a state sequence SX.

(iv) Given the sub-phone classes (states) the class specific GMM based ABWE transformers

are trained.

4.2.1.2 Supervised Classification

In supervised classification, the true word level information is used for both learning the

class-specific ABWE transformation and for the narrowband speech signal to be bandwidth

extended. Thus this approach cannot be used in general where the true transcription may

not be available. But it does provide us a useful benchmark to the performance improvement

possible with the use of class specific ABWE transformations. The procedure for incorporation

of the class information in learning of ABWE transformers and during bandwidth extension of

NB signal are as follows:

(i) The training set narrowband speech data is forced aligned with its true word level tran-

scriptions using an existing narrowband speech trained recognition system.

(ii) Separate class specific GMM based ABWE transformer are then developed using both

NB and HB data.

(iii) For the test data, that is, NB speech to be bandwidth extended, the NB features are com-

puted and force aligned with the true transcriptions on the existing NB speech recognition

system to derived the class information.

(iv) Based on the class information derived, the appropriate class specific GMM based ABWE

transformer is used to estimate the HB features.

4.2.2 ASR using Class-Specific Information based ABWE

In this work we have developed three different kinds of ABWE systems: global transforma-

tion based ABWE (ABWE-G, same as described in previous chapter for ABWE), unsupervised
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4.2 ABWE using Class-Specific Information

class specific transformation based ABWE (ABWE-UNSUP-CLS), and supervised class spe-

cific transformation based ABWE (ABWE-SUP-CLS). In ABWE-G systems, a single GMM

based ABWE transformer is used. The different parameters chosen are: window length of 20

ms, window shift of 10 ms, the narrowband LPC order of 10, the wideband LPC order of 20.

In ABWE-UNSUP-CLS system, the speech signal is segmented into 128 classes through an

HMM model. In ABWE-SUP-CLS system, the speech signal is segmented into 12 classes (zero

to nine digits, oh, /sil/) by forced alignment with true word level transcriptions. In all three

systems, the ABWE transformation(s) are trained. Also the data used for training the ABWE

transformer for children’s narrowband speech was kept mutually exclusive to the children’s test

sets. The connected digit recognizer is developed using the procedure described in Section 3.1

of Chapter 3.

4.2.2.1 Results and Discussion

As the number of classes in different systems are widely different to the data available

for training of ABWE transformer would also differ significantly if same size GMM models

are used in ABWE systems. Therefore, we have first explored the appropriate size of full

covariance GMM models for all ABWE systems. The different speech quality measures used

for the performance evaluation are described in Appendix A.

The performances of different ABWE systems developed for varying size of GMM for chil-

dren’s test set are given in Table 4.6. For the assessment of the performance of ABWE systems

in detail, different speech quality measures are also computed along with the ASR performance

of bandwidth extended children’s speech under mismatch condition. With the tuning for ap-

propriate GMM size, we note that ABWE-UNSUP-CLS and ABWE-SUP-CLS systems have

resulted in best WER of 4.88% and 4.78%, respectively for single Gaussian, while ABWE-G has

resulted in WER of 6.23% with 16 Gaussian mixture. Further we note that the performance

in terms of different speech quality measures also correlate with that of ASR performance with

ABWE.

Table 4.7 summarizes the relative improvement in narrowband children’s speech recognition
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4. Proposed ABWE Improvements using Auxiliary Information

performance with different ABWE systems. It is to note that ABWE-UNSUP-CLS and ABWE-

SUP-CLS systems provides a relative improvement of 21.67% and 23.27% over that of ABWE-G

system. Apart from the WER, several objective measures are also computed for each of the

studies. The objective measures closely match with the WER, when class-specific information

is used for modelling information between NB and HB cases. This shows the significance of

using class-specific information compared to the existing global transformation method.

Table 4.6: Performances of different ABWE systems developed for varying size of GMM in ABWE
systems for children’s test set . The performances are measured in terms of %WER under
mismatched condition as well as different speech quality measures such as log likelihood
ratio (dLLR), weighted slope metric (dWSM), likelihood ratio (dLR), cepstrum distance
(dCEP ), weighted likelihood ratio (dWLR), root mean squared log spectral distortion (dLSD),
segmental signal to noise ratio in dB (segSNR).

.

No. of ABWE-G
Gaussians WER% dLLR dWSM dLR dCEP dWLR dLSD segSNR

1 6.64 0.4008 2.51 0.7238 0.1652 0.07363 0.6598 -3.09
2 6.34 0.4015 2.50 0.7108 0.1681 0.07176 0.6568 -3.08
4 6.44 0.3997 2.55 0.7021 0.1689 0.07105 0.6650 -3.08
8 6.76 0.3971 2.59 0.7416 0.1669 0.07117 0.6598 -3.00

16 6.23 0.4004 2.53 0.7275 0.1671 0.06983 0.6419 -3.09
32 8.61 0.4054 2.59 0.7225 0.1623 0.07412 0.7390 -3.01

No. of ABWE-SUP-CLS
Gaussians WER% dLLR dWSM dLR dCEP dWLR dLSD segSNR

1 4.78 0.3470 2.47 0.5581 0.1478 0.05543 0.6049 -3.09
2 4.85 0.3539 2.41 0.5813 0.1522 0.05585 0.6082 -3.10
4 4.83 0.3529 2.49 0.5742 0.1516 0.05455 0.6100 -3.11
8 4.81 0.3510 2.50 0.5928 0.1517 0.05748 0.6189 -3.09

16 5.59 0.3647 2.54 0.5820 0.1514 0.05853 0.6451 -3.04

No. of ABWE-UNSUP-CLS
Gaussians WER% dLLR dWSM dLR dCEP dWLR dLSD segSNR

1 4.88 0.3579 2.49 0.5821 0.1527 0.06162 0.5970 -3.06
2 5.18 0.3613 2.51 0.5845 0.1539 0.06252 0.6055 -3.11
3 5.09 0.3648 2.52 0.5956 0.1552 0.06340 0.6116 -3.13
4 5.21 0.3709 2.53 0.6147 0.1570 0.06523 0.6158 -3.11
6 5.37 0.3750 2.54 0.6346 0.1596 0.06775 0.6180 -3.16
9 5.86 0.3757 2.56 0.6373 0.1579 0.06458 0.6215 -3.08

12 6.09 0.3789 2.57 0.6461 0.1586 0.06525 0.6203 -3.08
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4.3 Feature Domain MFCC based ABWE

Table 4.7: Recognition performances for children’s test set with narrowband (NB), wideband (WB)
and ABWE transformed test data conditions. The ABWE transformed data conditions
include use of global (G); unsupervised class specific (UNSUP-CLS) and supervised class
specific (SUP-CLS) transformations.

Children’s test set Adults’ acoustic models WER%
condition condition
NB NB 9.37
WB WB 3.21
ABWE-G WB 6.23
ABWE-UNSUP-CLS WB 4.88
ABWE-SUP-CLS WB 4.78

4.3 Feature Domain MFCC based ABWE

The traditional ABWE approaches were mostly based on LPC features or its variants such

as line spectral frequency (LSF) for modelling the relation between LB and HB portions of

the speech spectra. Despite the successful use of MFCC features in many other speech signal

processing tasks, it was not considered for ABWE purposes till lately. The main reason for

that neglect was the process of conversion from MFCC domain to speech domain being rather

tedious than that is from LPC domain. The first work exploring the MFCC representation

of speech in the ABWE modelling was reported recently [139]. In subsequent works [90], it

was shown that the MFCC features result in enhanced mutual information compared to that

with LSF/LPC features. In [117], a study on the use of different types of features for NB in

ABWE also showed that MFCC features give the best separability while having a high mutual

information between lower and higher bands of the spectra. In all of these works, the ABWE

performance with MFCC feature were evaluated in context of adults’ speech only.

Motivated by large differences between adults and children’s speech, in this work we explore

the MFCC based ABWE approach for the bandwidth extension of children’s speech. The main

purpose is to augment the existing adaptation/normalization techniques in bridging the large

gap between the ASR performance for NB and WB speech. We have also presented a novel

method for deriving the bandwidth extended (BWE) MFCC features directly exploiting the

MFCC based ABWE framework. The proposed method has much lower computational com-
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plexity as it avoids the need for conversion to speech domain for parameterization of extended

speech for ASR purpose without any loss in the performance. In another work [140], we have

experimented with creation of class-specific ABWE using unsupervised clustering. With the

use of unsupervised class-specific ABWE, not only the mutual information between LB and

HB get enhanced, but also it results in improved performance for ASR of the children’s speech.

Motivated by that we have also studied the age-specific conditioning of ABWE and the effect

of inclusion of delta features in ABWE of children’s speech.

4.3.1 Novel Feature domain ABWE modeling

In this section, we describe the procedure followed for developing the MFCC features based

ABWE framework following the one originally proposed in [139]. This technique basically

exploits the compact representation produced by the mel filter-bank for defining the LB and

the HB portion of speech spectra. For developing ABWE model, the wideband speech is

analyzed to produce the short-time magnitude spectra which are then multiplied with 22-

channel mel filter-bank and the energies at the output of the filters are log-compressed. Out

of these 22 energies, the ones from channels 1-15 are grouped to represent the LB spectra and

the remaining channels excluding 16 are grouped to represent the HB spectra. The channel 16

is dropped as it falls both in LB and HB ranges. These grouped energies are then converted

into 15-dimensional MFCC features (C0-C14) for LB and 6-dimensional MFCC features (C0-C5)

for HB by taking the discrete cosine transform (DCT). Finally for representation purpose, the

LB features are truncated to 10-dimensional MFCC features (C0-C9) while HB features are

kept as it is. For enhancement of spectra, 16-dimensional MFCC feature obtained by joining

the MFCC features corresponding to LB and HB are modelled using GMM. For adjusting the

energy of the estimated HB spectra in reference to given LB spectra as suggested in [139], the

ratio between mean energies of HB and LB spectra is computed and a separate GMM is trained

on 11-dimensional joint feature consisting of gain (G) and LB MFCC features.

Given the LB MFCC features, the HB MFCC features are determined using the minimum

mean square error (MMSE) estimation criterion as originally proposed in [12] and also detailed
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in our previous work [141]. The similar procedure is used for estimation of the gain factor. The

detailed block diagram of obtaining the LB and WB features from a wideband development

data for the ABWE modelling is shown in Figure 4.2(a).

4.3.2 Efficient derivation of extended wideband MFCC

As stated earlier in this work, the motivation for the development of the ABWE of nar-

rowband children’s speech is not to enhance the quality of its perception but to improve the

ASR performance for the narrowband children’s speech. So after obtaining the bandwidth ex-

tended speech from the given narrowband speech, it is converted into MFCC features following

the standard procedure for the ASR purpose. With the use of MFCC based ABWE scheme,

the derivation of the wideband MFCC features get significantly facilitated. The complete flow

graph of the bandwidth extended wideband MFCC computation is illustrated in Figure 4.2(b).

To begin with, the given 8 kHz sampled narrowband signal is interpolated by a factor of 2.

The interpolated narrowband signal is analyzed to produce the short-time magnitude spectra

which are multiplied with the same 22-channel mel filterbank as used in generating the MFCC

features for the ABWE modelling. As in the interpolated narrowband signal the spectral

content be limited to lower band region. Thus the log-compressed energies from channels 1-

15 are considered only. These 15-dimensional log-energies are then converted using DCT into

10-dimensional MFCC features (C0-C9) to match with the LB representation used in ABWE

modelling. Given the LB MFCC features, the GMM based map estimates 6-dimensional HB

MFCC features which are converted to 6-dimensional HB log-energies by taking inverse DCT.

After obtaining the HB log-spectra vector (EHB), its energy is adjusted version ẼHB relative

to the observed LB log-spectra vector (ELB) obtained by using the gain factor (G) estimated

separately corresponding to the observed LB MFCC features as

ẼHB =

(
G× ĒLB

ĒHB

)
EHB (4.10)

where ĒHB and ĒLB denote the mean value of HB and LB spectral vectors, respectively.

For the generation of the extended full band mel spectra, prior to concatenating 15-dimensional

101

TH-1705_08610211



4. Proposed ABWE Improvements using Auxiliary Information

(a) (b)

(c)

Figure 4.2: The detailed block diagrams of the proposed and the default (speech domain) MFCC
based ABWE approaches. (a) Derivation of LB and HB MFCC features and the gain
factor between LB and HB for ABWE modelling. (b) Proposed approach of direct com-
putation of bandwidth extended MFCC features for ASR purpose exploiting the MFCC
based ABWE approach. (c) Additional processing involved in default speech domain
MFCC based ABWE approach used for contrast purpose.
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LB log-energies corresponding to the given interpolated narrowband signal with energy adjusted

6-dimensional HB log-energies, the log-energy corresponding to the dropped 16th channel is re-

estimated by averaging the log-energies of channels 15 and 17. The extended full band mel

spectra is then converted into 22-dimensional MFCC features using DCT.

For contrasting the performance of the proposed approach with the default way, we have

also derived the bandwidth enhanced speech following the procedure as described in [139].

Figure 4.2(c) shows the block diagram of the procedure required for the derivation of the

bandwidth enhanced wideband speech given the enhanced MFCC features. After conversion to

the speech domain, additional processing is required to compute the MFCC features for ASR

purpose. Thus, on comparing Figs. 4.2(b) and 4.2(c), it can be easily assessed that a huge

reduction of computational complexity is obtained with proposed approach in context of ASR.

It is also worth highlighting that the LP modelling involved in existing speech domain approach

may result in degraded final MFCC features in particular for the unvoiced speech.

4.4 Delta Features and Age Information for MFCC based

ABWE

In this section we describe about two types of enhancements studied in ABWE of children’s

speech. The one is the inclusion of delta features and the other is the age-specific conditioning

in ABWE modelling. To access the impact of above two enhancements for children’s speech

case, the normalized mutual information (MI) [142] between LB and HB is also computed.

4.4.1 Inclusion of Delta Features in ABWE

The recent studies [89, 90, 143] have shown that the inclusion of delta features in MFCC

features for ABWE modelling helps to improve the MI between LB and HB. This motivated us

to explore the same in the context of ABWE of children’s speech. As per HTK implementation,

Θ specifies the half length of window used in the computation of delta features. The formula

for the delta feature is

δt =

∑Θ
l=1 l.(ct+l − ct−l)

2
∑l=Θ

l=1 l2
(4.11)
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Table 4.8: Age-wise break up of children’s digit data in the development and the test sets.

Age (yrs) 6 7 8 9 10 11 12 13-14 15
Dev 253 752 3332 1893 1676 4995 1065 506 253
Test - 1012 711 1902 2116 1823 2477 506 253

where δt is a delta coefficient at frame t, ct+l is the corresponding static features at frame

t + l, and Θ specifies the half length of window used. For this study, the included memory

is controlled by varying the half window length Θ from 1 to 15 in steps of 2. Let X and

Y represents LB and HB static MFCC feature vectors and their corresponding delta feature

vectors are represented by ∆X and ∆Y respectively, then the joint MFCC features including

deltas as used for ABWE modelling is given by Z =
[
XT ,∆XT ,YT ,∆YT

]T
.

4.4.2 Age-specific conditioning in ABWE

As a result of large developmental changes in children, the children’s speech is characterized

to have higher variability unlike that in adults’ speech. The values of acoustic attributes like

pitch, formant frequencies, and speaking rate exhibit significant changes across children’s of

differing age groups [40]. To account for this fact, we analyzed the impact of conditioning the

speech data used for training of GMM based ABWE model. For this study, a separate ABWE

model is developed for each age-group of the speakers in the training set of TI-DIGITS corpus.

The age-wise break up of the total number of children speakers in the training and test sets in

Table 4.8.

Distribution of data across the children’s age groups is as fallows: 6, 7, 8, 9, 10, 11, 12,

13, 14, 15 years age groups have train set of 253, 752, 3332, 1893, 1676, 4995, 1065, 0, 253

digits, respectively and test set of 00, 1012, 711, 1902, 2116, 1823, 2477, 253, 253, 253 digits,

respectively. The same is summarized in Table 4.8.

4.4.2.1 ABWE models

In this work we have created four different kinds of ABWE models: global transforma-

tion based ABWE (ABWE-GT), global transformation based ABWE including delta features

(ABWE-GT+∆), age-specific transformation based ABWE (ABWE-AG), and age-specific trans-
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Table 4.9: Performances for children’s test set for the default (speech domain) and the proposed
(feature domain) approaches using ABWE-GT.

ABWE-GT WER (%)
Default with gain 9.19

Proposed
without gain 9.00

with gain 8.88

formation based ABWE including delta features (ABWE-AG+∆). For training the different

types ABWE models, the children’s data from TI-DIGITS is used which is mutually exclusive

to the children’s test set.

4.4.2.2 ASR system

For the adults’ speech trained digit recognition system, the WER for adults’ test set turned

out to be 1.28% and 0.35% for NB and WB speech cases, respectively. Table 4.9 shows the

performances of the proposed MFCC based ABWE approach for with and without gain ad-

justment along with existing MFCC ABWE approach in the context of children’s ASR. On

comparing with the existing MFCC approach, the proposed approach does not found to give

any degradation in performance at the same time is quite efficient. From the computational

efficiency point of view the system without gain adjustment is used.

The performances of bandwidth enhancement of children’s test set using ABWE-GT and

ABWE-AG approaches when tested on WB adults’ speech trained ASR models are given in

bottom row of Table 4.10 along with that of original WB and NB children’s speech cases. On

comparing we note that global and the age-specific approaches have resulted in 0.83% and

2.5% absolute improvement respectively over NB baseline. The age-specific conditioning of

ABWE results in 1.7% absolute improvement in performance over that of global ABWE. Note

the performance for ABWE-AG is evaluated in supervised mode i.e., using the true age of

test children speakers. This result only provides an assessment of the sensitivity of ABWE

modelling to the high variability in children’s speech. For actual use of this fact, it is required

to estimate of the ages of the test children speaker in unsupervised manner and that would be

addressed in future study.
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Table 4.10: Performances for using ABWE-GT and ABWE-AG on children’s test along with age-wise
breakup.

WER %
Age in yrs ABWE-GT ABWE-AG NB WB
07 18.68 13.93 22.53 6.92
08 19.55 18.14 16.46 5.63
09 16.77 12.67 18.98 6.20
10 4.96 6.00 5.29 0.80
11 5.70 2.69 4.83 2.25
12 4.28 4.00 5.73 1.49
13-14 0.99 0.40 1.78 0.00
15 1.98 1.58 1.98 1.19
Avg. 9.00 7.33 9.83 3.02

Table 4.11: Performances for varying delta MFCC features used in global (ABWE-GT+∆) and age-
specific (ABWE-AG+∆) models.

Condition WER (%) for the inclusion of varying memory ∆

Half window size, Θ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
ABWE-GT+∆ 10.04 9.52 10.09 10.06 9.18 8.40 9.34 9.83 6.23 5.41 8.80 9.03 8.77 9.25 8.93
ABWE-AG+∆ 8.75 8.55 7.93 8.03 6.93 6.78 6.11 5.78 5.69 5.42 5.15 5.51 5.20 5.19 5.29

The performance of ASR system using delta features information is given in Table 4.12. As

it can be observed, the delta features significantly improves the performance in both cases of

global transform and age-specific cases.

The details of different WER obtained for different values of Θ for computation of ∆ features

are given in the Table 4.12. As it can be observed the good performance is achieved in case

of lower age children for larger values of Θ. Alternatively, good performance (lower WER) is

achieved for higher age children for smaller values of Θ.
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Table 4.12: Performances of ABWE-GT+∆ (global transform) and ABWE-AG+∆ (age specific
transforms) systems for children’s test set partitioned by age. Half window size, Θ is
selected between range of 1 to 15 to compute ∆. The performances are measured in terms
of WER% under mismatched condition.

ABWE-GT+∆
WER%

Age in Half window size, Θ
years 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

7 20.06 19.76 20.36 20.26 18.97 17.98 19.37 20.06 14.43 12.75 17.79 18.28 18.08 18.28 18.08
8 19.83 18.71 20.11 20.68 18.99 17.44 19.41 21.11 13.50 10.41 19.13 19.27 19.13 19.41 18.42
9 18.46 17.51 19.09 18.19 16.98 15.72 17.40 18.35 12.20 11.20 16.67 17.03 16.56 17.35 16.46

10 5.81 5.58 5.72 5.91 4.87 4.25 4.82 5.15 2.98 2.36 4.68 4.91 4.73 5.07 4.96
11 6.86 6.20 6.64 6.97 6.36 5.70 6.36 6.64 3.57 3.29 5.92 6.03 5.38 5.87 5.98
12 4.97 4.76 4.88 5.01 4.32 3.79 4.52 4.88 2.62 2.10 3.92 4.12 4.24 4.72 4.36
13 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.40 0.00 0.00 0.00 0.00 0.00 0.00 0.00
14 3.95 3.16 3.56 3.16 3.56 3.16 3.56 3.95 0.79 0.79 3.16 3.16 1.98 3.56 3.56
15 1.98 1.58 1.98 1.58 1.98 1.98 1.58 1.98 1.58 1.58 1.98 1.98 1.98 1.98 1.98

Avg. 10.04 9.52 10.09 10.06 9.18 8.40 9.34 9.83 6.23 5.41 8.80 9.03 8.77 9.25 8.93

ABWE-AG+∆
WER%

Age in Half window size, Θ
years 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

7 21.15 21.54 17.09 19.17 14.82 12.75 13.44 12.94 11.96 12.35 12.25 12.55 12.55 12.55 12.35
8 21.52 18.71 16.74 14.35 15.33 14.91 10.27 15.33 17.72 12.10 12.38 11.53 11.81 10.27 9.28
9 14.88 12.93 14.35 18.30 13.88 13.62 13.46 10.78 10.78 10.99 10.09 11.83 11.04 11.09 11.25

10 4.25 4.16 5.39 3.21 3.97 3.36 3.17 2.88 2.50 2.22 1.89 1.65 1.47 1.56 2.27
11 5.60 5.76 4.44 3.89 3.62 4.77 3.02 3.07 2.47 2.80 3.02 3.29 2.63 2.63 2.52
12 3.96 5.13 3.63 3.15 2.79 3.03 2.75 2.26 2.34 2.50 2.10 2.46 2.30 2.54 2.70
13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
14 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79 0.79
15 1.19 1.58 1.58 1.58 1.58 1.19 1.19 1.58 1.58 1.19 1.19 1.19 1.19 1.19 1.19

Avg. 8.75 8.55 7.93 8.03 6.93 6.78 6.11 5.78 5.69 5.42 5.15 5.51 5.20 5.19 5.29
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4.4.3 Estimation of Age-specific information

The approach we propose here is inspired by the work of Pellom and Hansen [144], whose

algorithm relies on a set of height-dependent GMMs modelling MFCC distributions based on

the fact that MFCCs correlate with speaker height [145].

Each age group training data lower band features (X) is modeled into a GMM represented

as λ. The PDF of X is modeled as a mixture of M n-variate Gaussian PDFs,

P (X|λ) =
M∑

i=1

αibi(X),

M∑

i=1

αi = 1 and αi ≥ 0 (4.12)

where bi(X) and αi, i = 1, ...,M are the component densities and the component weights,

respectively. Each component density is a n-variate Gaussian function of the form:

bi(X) =
1

(2π)
n
2 |Cxxi

|
1

2

e
− 1

2

[

(X−µxi)
T
C

−1
xxi(X−µxi)

]

(4.13)

with µi is n× 1 mean vector and Cxxi
is n× n covariance matrix with

Â = argmax
A

P (X|λA) (4.14)

where A is the age of the children speakers in years. The age-wise break up of children’s

development data is shown in Table 4.8. Each age group of development data is used to train a

separate GMM λA. Â estimated age computed from a speech vector X and age specific GMMs

λA.

Each frame’s probable age group is determined using maximum likelihood (ML). Then age

group of a utterance is found by using mode of frames belong to speech regions.

The performance of ASR system using the estimated age-specific information is tabulated in

Table 4.13. The performance is comparable to the case of supervised age-specific information.

This infers that, the GMM for age prediction have indeed modelled the age information well

and hence resulted in the good performance.
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Table 4.13: Performances for using ABWE-GT, ABWE-AG and ABWE-AG-ML on children’s test
along with age-wise breakup.

WER %
Age in yrs ABWE-GT ABWE-AG ABWE-AG-ML NB WB
07 18.68 13.93 14.33 22.53 6.92
08 19.55 18.14 16.46 16.46 5.63
09 16.77 12.67 13.77 18.98 6.20
10 4.96 6.00 4.40 5.29 0.80
11 5.70 2.69 4.61 4.83 2.25
12 4.28 4.00 3.35 5.73 1.49
13-14 0.99 0.40 0.40 1.78 0.00
15 1.98 1.58 1.58 1.98 1.19
Avg. 9.00 7.33 7.31 9.83 3.02
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4.5 Summary

In this chapter new methods for ABWE using auxiliary information were proposed. The

auxiliary information including class (digit) specific, age specific and delta features related

information. To motivate the work initially, the statistical measures are computed. These

include mutual information, differential entropy, their ratio and separability measure. The

important observation that motivated the works proposed in this chapter is the variability

in the statistical measure values across class, age and delta features. Also, it was observed

that the statistical measure values increase when the auxiliary information is exploited as

compared to the global transform case. Based on this observation it was motivated to exploit

the auxiliary information for ABWE. artificial bandwidth extension The first method of ABWE

was based on exploiting the class (digit) specific information. To see the effectiveness of the

class specific information, initially supervised class specific ABWE method is proposed where

the class information is taken from the available transcription. The performance (WER) for

NB is 9.37%, WB is 3.21%. Therefore the best performance we can expect after ABWE is the

result of WB case. The global transform case gives 6.23% and the supervised case gives 4.78%.

After an unsupervised class-specific ABWE method is developed where the class information

is predicted from the test data and used for ABWE and this provided 4.88%. The results

are along the expected lines inferring that the class specific information is indeed effective in

performing ABWE.

A feature domain ABWE method is proposed using MFCC representation. The existing

ABWE method based on MFCC follows the vocoder framework where the speech is synthesized

from MFCC and then the ABWE is performed in vocoder framework. Alternatively, since the

goal of present work is ASR, the ABWE using MFCC can be significantly simplified by working

in the feature domain itself. Based on this motivation, a feature domain ABWE method using

MFCC is proposed. The existing ABWE method based on MFCC provides a WER of 9.19%

where as the proposed one provides a WER of 8.88%. This shows that even though improvement

in terms of performance it is moderate, but the same is achieved with much higher simplified
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methodology.

The proposed feature domain MFCC based ABWE methods is used for further demonstrat-

ing the significance of age specific and delta information. The lower bound and upper bound

in performance for age specific study is limited by the NB and WB cases giving 9.83% and

3.02%. The global transform case gives a WER of 9.0%. The supervised case of age specific

information provides a WER of 7.33% which is the best performance that can be achieved using

age information. The unsupervised age prediction method provides a WER of 7.31% which is

comparable to that of supervised case.

The next study exploited the delta features information on top of the age specific infor-

mation. The delta features information improves the performance of the system from 9.0% to

5.41% for global transform case and from 7.33% to 5.15% in case of age specific information

case.

Thus all the above studies infer that it is indeed possible to develop ABWE methods using

the auxiliary information and provide significantly better performance compared to the NB

case.

Having exploited the auxiliary information for ABWE, the next chapter focuses on devel-

oping ABWE using the recent developments in the signal processing field. The sparse repre-

sentation based signal modelling approach is found to result in state-of-the-art performances

in many signal processing applications [132, 133]. Motivated by this, the present work also ex-

plores developing an ABWE method exploiting the sparse representation modelling of speech

frames in the signal domain. The main merit of this approach is it is a non-parametric ABWE

approach and also does not make use of the mostly followed source-filter model approach for

ABWE.
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5. Proposed Sparse Representation based ABWE

This chapter presents a novel approach to ABWE based on sparse representation of speech

signals. The proposed approach is motivated by the premise that a redundant dictionary whose

atoms are more speech-like can produce a sparse representation of speech signals. As a conse-

quence of that such a dictionary is expected to be somewhat consistent in sparse coding of the

narrowband and the wideband speech signals. This attribute can be exploited for the band-

width extension purpose. In this work, the dictionaries for sparse representation are created

using K singular value decomposition (KSVD) algorithm. The proposed approach is found to

be less effective for unvoiced speech and the efforts made to address the same are also described.

On comparing with the existing line spectral frequency based ABWE method, the proposed

ABWE approach is found to give better performance in terms of speech quality measures.

In the later part, we are exploring an existing semi-coupled dictionary learning (SCDL) algo-

rithm for ABWE (SC-ABWE), which was proposed for image-style transformation application.

SCDL algorithm learns bidirectional transformation iteratively with dictionary learning. These

dictionaries are not fully coupled and hence provide more freedom for the transformation. We

found an improvement in the SC-ABWE performance in terms of objective quality measures.

The traditional ABWE approaches are based the source-filter model of speech. In addition

to that, for modelling the relation between LB and HB portions of the speech, all traditional

approaches employ a mapping function which is based on either vector quantizer (VQ) [11] or

Gaussian mixture model (GMM) [12] or artificial neural network (ANN) [14]. The mapping

functions are developed based on some kind of features of speech either as linear predictive

coefficient (LPC) [12] or its variant line spectral frequency (LSF) [146] or mel frequency cepstral

coefficient (MFCC) [139].

In recent past, the sparse representation (SR) based signal modelling approach has received

a lot of attention. In a number of signal processing domains, the SR approach is found to

result in the state-of-the-art performances [132]. Motivated by that in this work we present

an initial study exploring the sparse representation for ABWE purpose. The proposed ABWE

approach is developed by exploiting the sparse representation modelling of speech frames in

the signal domain. Thus it is a non-parametric ABWE approach and also does not make use
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of the ubiquitous source-filter model.

In image processing literature, we came across a proposal for developing coupled dictionaries

for sparse coding in cross-style image synthesis domains. The examples for cross-style synthesis

domains include converting a low resolution image to a high resolution one, matching face sketch

of person to her photo and so on. In [133], the signals/ features corresponding to the cross-style

domains are joined into a vector and a single dictionary is created by simultaneously minimizing

the representation error in both domains under the constraint on sparsity. On stream-wise

splitting of so trained dictionary results in two dictionaries having a coupling among their

atoms. In subsequent works, referred to as semi-coupled dictionary, a linear transformation

between the sparse codes is also learned along with the dictionaries to address the mismatch

in the sparse coding for cross-style synthesis domains.

Sparse and redundant data modelling seeks the representation of signals as linear combina-

tion of a small number of atoms from a data driven dictionary. Recently, there is a fast increas-

ing interest in dictionary application. Dictionary learning methods mainly focus on training

an over-complete dictionary in a single feature space for various recovery or recognition tasks.

In many applications and scenarios, we have coupled sparse feature spaces. Coupled sparse

dictionary based methods for image processing applications like, image style transformation

and super resolution, have reported state-of-the-art performances. Coupled sparse dictionary

methods are based on the motivation that the two fields of the data can be represented by

the same set of sparse codes. The method essentially concatenates the two feature spaces and

converts the problem to the standard sparse coding in a single feature space. As such, the

resulting dictionaries are not indeed trained for each of the feature spaces individually. Sparse

codes of one feature sparse can therefore synthesize the other feature space with the help of

coupled dictionaries.

To overcome the limitation of coupled dictionaries, semi-coupled dictionaries (SCDL) have

learnt simultaneously the dictionary pair and a mapping function. The pair of dictionaries aims

to characterize the two structural domains of the two fields, and the mapping function is to

reveal the intrinsic relationship between the two styles for synthesis. In the learning process, the
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two dictionaries have not fully coupled, allowing the mapping function to have much flexibility

for accurate synthesis across fields.

This chapter is organized as follows. In Section 5.1, the basics of the paradigm of the

sparse representation of signal is reviewed. The proposed sparse representation based ABWE

approach is described in Section 5.2. The schemes explored for enhancing the proposed ABWE

approach for unvoiced speech are discussed in Section 5.3. In Section 5.4, the semi-coupled

dictionary based ABWE is described. The enhanced version of SCD using clustering is de-

scribed in Section 5.5. In Section 5.6 the details of the experimental setup and the performance

measures used are provided. The experimental results are presented in Section 5.7. Section 5.9

summarizes the paper along with suggesting direction of the future work.

5.1 Review of Sparse Representation

Sparsity is defined as having few non-zero components or having few components that

are not zero. In signal processing, it is always desirable to seek compact representation of

the signals. The choice of sparsity as a desired characteristic of representation of the input

data can be motivated by the observation that most sensory data such as natural images may

be described as the superposition of a small number of elements such as surfaces or edges.

Sparse representation (SR) technique is widely used in many signal processing application such

as, image de-noising [147], image compression [148], etc. Also, in recent days SR technique

has gained its importance in various speech signal processing applications such as speaker

verification [149], speech recognition [150] etc.

The sparse representation technique mainly consists of two stages namely: (i) the choice of

dictionary and (ii) the sparse coding stage. The fundemental question in the SR technique is

the choice of dictionary selection. There are two possibilities for dictionary selection i. e., either

a predefined transform such as Fourier, Wavelet, etc., or from the data using some dictionary

learning approaches. The major disadvantage of predefined transform is the limitation of model

functions used to represent the target data. These model functions are too simple to represent

the complex natural data. Where as, in dictionary learning approach, the dictionaries are
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learned from the data. So the structure of data to be represented can be more accurately

extracted during the learning process. The K-SVD algorithm is one among such dictionary

learning approaches which is popularly used in many image processing applications. The main

aim of sparse coding is to find a set of basis vectors from the chosen dictionary, such that the

target vector can be represented as a linear combination of these basis vectors with minimum

representation error. There exists a number of algorithms for this purpose. Among those

algorithms, orthogonal matching persuit (OMP) is most commonly used algorithm and is very

simple yet effective. OMP algorithm is greedy in nature using l0 norm constraint to solve

the objective function. Also, there are other approaches like least angle absolute shrinkage

and selection operator (LASSO) algorithm and least angle regression (LARS) algorithm which

solves the probel useing l1 norm.

In most of the image processing applications we often need to transform images of one

domain to another domain for better visualization or recognition [133, 151]. One among such

transformations is to convert low sesolution image to high resolution image reffered to as image

super resolution. Here we need to model the two feature spaces and the corresponding trans-

formation to enhance the low resolution image. For this purpose, the sparse representation

technique is employed and resulted in improved performances.

Sparse representation (SR) is a method to solve an over-complete system of linear equations.

Sparse representation problem can be mathematically stated as: given a vector x ∈ RN (referred

to as the target) and a matrix D ∈ RN×M (referred to as the dictionary while its columns are

referred to as the atoms and M ≫ N), find a vector w ∈ RM such that

min ‖w‖0 s. t. Dw = x (5.1)

If the vector w has the minimum ℓ0-norm, i.e., has only a small numbers of non-zero elements,

then it is termed as a sparse representation of x. But the solution to this problem is NP hard.

There are a number of techniques proposed in the literature to solve the sparse representation

problem. These techniques can be classified into the family of greedy algorithms and relaxation

algorithms.
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The greedy algorithms attempt to construct the support one atom at a time. In other

words, it provides an iterative solution to following mathematical problem,

min ‖Dw − x‖2 s. t. ‖w‖0 ≤ T (5.2)

where T is the sparsity constraint. We have used the orthogonal matching pursuit (OMP)

algorithm for sparse coding in this work.

5.1.1 Creation of dictionary for sparse representation

There are two kinds of dictionaries that are commonly used for the sparse representation

purpose. The first one is referred to as the exemplar dictionary. It is a redundant dictionary

derived by concatenating a large number of examples to produce a sparse presentation for the

target. Such dictionaries are hand-created and are difficult to optimize. In contrast to that

the learned dictionary is derived by processing the data to produce a sparse representation.

In this work, we have used KSVD [132] algorithm for creating a learned redundant dictionary

for sparse representation purpose. The KSVD is a generalization of the well known K-means

clustering algorithm. It constructs a dictionary of K atoms that leads to the best possible

representation for each of the training examples along with the specified sparsity constraint.

The dictionary learning problem is represented as,

min
D,W

{
‖X−DW‖22

}
s. t. ‖wi‖0 ≤ T ∀i (5.3)

where, X is the set of dictionary training vectors, D is the learned dictionary, W is the set of

corresponding sparse vectors, T is the sparsity constraint and training example vector index i.

The dictionary learning is an iterative process and each iteration alternates between two stages:

sparse coding and dictionary update.

5.2 ABWE using sparse representation

It is well known that the Fourier based dictionaries (DFT, DCT, etc.) have orthogonal

bases and those have highly narrowband spectral characteristics. As a result of this, although
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these dictionaries happen to produce very accurate representation of speech signals but their

representations are neither sparse nor have much similarity for WB and NB speech. In contrast,

if we create a dictionary that produces a sparse representation for speech signals, then it is more

likely to produce similar representations for WB and NB speech. Motivated by this hypothesis,

we have explored a very simple approach to ABWE in which the sparse representation of the NB

speech obtained with respect to a NB dictionary are applied to a corresponding WB dictionary

to achieve the reconstruction of HB information for the given NB signal.

5.2.1 Proposed SR-ABWE approach

For learning the dictionary for sparse modelling purpose, a development data is derived

from the training set of WSJCAM0 corpus [152] which includes both male and female speakers.

The selected speech signals are segmented into frames of size 20 ms with an overlap of 5 ms

between frames. A total of 0.12 million frames are collected and the resulting data matrix is

then used in dictionary learning using KSVD algorithm for the sparse representation of speech

frames. In dictionary learning, 50 iterations of KSVD are used.

For sparse modelling, first we have created a single dictionary having 4000 atoms on WB

speech. The atoms of this WB dictionary are first decimated by a factor of 2 and then interpo-

lation by a factor of 2 to derive a dictionary for the sparse representation of the corresponding

upsampled narrowband (NBI) signal frames. The atoms of so derived NBI dictionary have

a one-to-one mapping to those of WB dictionary. The sparse representation of NBI target

frames obtained with NBI dictionary are then associated with WB dictionary to synthesize a

signal having enhanced HB information. For single dictionary case, the plot of the bandwidth

enhanced magnitude spectra for NBI frame obtained using the proposed ABWE approach for

a voiced (/aa/) and an unvoiced (/s/) frames are shown in Figure 5.1(a) and Figure 5.1(c),

respectively. For contrast purpose, the magnitude spectra for the sparse representation of WB

frame with WB dictionary and the original WB signal are also shown in figure. The corre-

sponding sparse codes for NBI/WB data are shown in Figure 5.1(b) and Figure 5.1(d). On

comparing with the original signal spectra, the proposed ABWE modelling approach appears
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Figure 5.1: Panels (a) and (c) show the reconstructed spectra using the proposed ABWE approach
for a voiced (/aa/) and a unvoiced (/s/) frames of speech, respectively. For contrast
purpose, the spectra for the sparse representation of WB frame and the original frame
are also shown. Panels (b) and (d) show the corresponding sparse codes obtained with
WB and NBI dictionaries. A single dictionary is used for sparse coding of both voiced
and unvoiced segments.

working somewhat for voiced case, but for unvoiced case it does not appear to be effective

enough.

On noting the fact that the characteristics of voiced and unvoiced speech differ significantly,

so a single dictionary may not be very effective. To improve the modelling, it was decided to

learn separate dictionaries for voiced and unvoiced speech cases. For judging the improvement in

the proposed ABWE modelling with separate voiced and unvoiced KSVD learned dictionaries,

the magnitude spectra for the same voiced and unvoiced frames are shown in Figure 5.2. On

comparing Figure 5.1 and Figure 5.2, a considerable improvement in SR-ABWE modelling can

be noted with the use of separate dictionaries, in particular for the unvoiced case. Though for

unvoiced case, the indices in NBI and WB sparse codes still differ but the enhanced spectra
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5.2 ABWE using sparse representation

Figure 5.2: Improvement in the modelling of the proposed ABWE approach with the use of separate
voiced and unvoiced dictionaries in sparse coding. The example frames and the layout of
panels are identical to that of Figure 5.1. Separate dictionaries are used for voiced and
unvoiced cases.

show better match with the original WB spectra.

Like other existing ABWE approaches, in the proposed approach too the given NB speech

is retained without any modification while the estimated HB speech is added to the given

NB speech with appropriate amplitude scaling. The detailed block diagram of the proposed

sparse representation based ABWE approach in shown in Figure 5.3. Further to highlight that

the creation of coupled NBI and WB dictionaries is critical for the proposed ABWE approach.

Simply the sparse coding of NBI speech data with WB dictionary would lead to poor recreation

of HB information especially for unvoiced case. To verify this fact, the enhanced spectra for

NBI frame obtained by sparse coding with WB dictionary are also given in Figure 5.1(a) and

Figure 5.1(c) for voiced and unvoiced cases, respectively. Note that very poor enhancement is

obtained without any coupling for unvoiced case.
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Figure 5.3: The complete block diagram of the proposed sparse representation based ABWE ap-
proach.

5.3 Enhancements in proposed SR-ABWE approach

The proposed approach seems quite effective for the voiced speech case, but for the unvoiced

speech case it definitely requires improvement. In the following, the enhancements explored in

the proposed SR-ABWE approach to improve the quality of the bandwidth extension for the

unvoiced speech while making no changes for the voiced speech.

5.3.1 Linear transformation of NBI sparse coefficients

It is well known that with bandwidth reduction of speech signal, a significant loss of HB

spectral information occurs in particular for unvoiced case. On account of this, on sparse coding

of NBI frame with NBI dictionary, the effective representation could be achieved by those atoms

of dictionary which do not correspond to the ones having significant HB information in WB

dictionary. Consequently, on using the resulting sparse code for synthesis with WB dictionary,
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5.3 Enhancements in proposed SR-ABWE approach

the HB spectral information is not regenerated in effective manner. This fact can be verified

by studying the vastly different sparse coding as well as deficiency in the spectral information

produced for WB and NBI speech frame corresponding to unvoiced case as shown in Figure 5.2.

As a first recourse we explored a linear transformation to address the significant differences

of the sparse coding for NBI and WB cases. Let WNBI and WWB denote the sparse code

matrices for NBI and WB cases for the unvoiced frames in the training data, then a least

squares (LS) based linear transformation TLS is estimated as

TLS = WWBW
T
NBI

(WNBIW
T
NBI

)
−1

(5.4)

For unvoiced case, an adapted sparse codes matrix given the target NBI sparse code matrix is

derived as

W̃ = TLSWNBI (5.5)

Obviously, on linear transformation, the sparsity in resulting vector is lost and a large number

of atoms acquire non-zero coefficient value. Therefore, in final synthesis with WB dictionary

for bandwidth extension, a synthetic sparsity is enforced by retaining the coefficients of the

highest magnitude atoms totaling the chosen sparsity value (T ) while setting the rest of them

to zero.

The attempted adaptation of the NBI sparse codes for unvoiced frames is expected to

produce more enhanced HB information than the default case. To assess its efficacy, the

spectral profile of the atoms involved in WB sparse code, NBI sparse code and after the linear

transformation of NBI sparse code for an unvoiced frame are shown in Figure 5.4(a), 5.4(b)

and 5.4(c), respectively. We can note that after linear transformation of NBI sparse codes, the

selected atoms are found to possess somewhat more HB information.

5.3.2 Lookup constrained linear transformation

Though the simple adaptation of NBI sparse codes appears to help in modelling for unvoiced

case, but there is scope for further improvement. We hypothesize that if the information about

the atoms which potentially have significant HB information can be utilized while selecting the
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5.4 Semi-Coupled Dictionary based ABWE

significant atoms after linear transformation, the quality of bandwidth extension for unvoiced

case could be further boosted. To provide this additional information, a lookup-table is created

by preserving the representative WB sparse codes of the unvoiced frames in the development

data set. This lookup table is indexed by the code vectors of a VQ developed on MFCC features

corresponding the NBI unvoiced speech frames in the development data set. The procedure for

the lookup-table creation is elaborated in Algorithm 1.

Given an unvoiced NBI speech frame, the corresponding MFCC feature vector is also com-

puted which is used to find the nearest (in Euclidean sense) code vector in the VQ codebook.

Based on the index of the code-vector, a putative WB sparse code is noted from the lookup

table. Though so derived putative WB sparse code may not be optimal for the given NBI frame

but it does provide the knowledge about the atoms potentially having the HB information. To

use this knowledge, a binary mask is constructed selecting those atoms that are indicated in

the putative WB sparse code. This binary mask is then multiplied with the linear transformed

NBI sparse code for the given frame to derive the enhanced sparse code for synthesis with WB

dictionary for ABWE purpose. The block diagram of the procedure employed for obtaining the

enhanced WB sparse code for unvoiced cases is shown in Figure 5.5.

Figure 5.4(d) shows the spectral profile of the atoms obtained by the lookup approach. On

comparing that with other cases, we can note that a significant increase in energy for the HB

region is achieved.

5.4 Semi-Coupled Dictionary based ABWE

The detailed block diagram of the semi-coupled dictionaries based ABWE (SC-ABWE)

approach is shown in Figure 5.6. As shown in the block diagram, speech frames are first classified

using a V/UV detector. The KSVD dictionary of sparsity one as discussed in Sec. 5.5 is used

for unsupervised classification of speech frames. CV−k and CUV−k represents the voiced and

unvoiced class for index k, respectively. The creation of semi-coupled dictionaries is elaborated

in Sec. 5.4.1. Similar to other existing sparse representation based ABWE approaches, the

given NB speech is retained without any modification and the estimated HB speech is added to
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Algorithm 1 Procedure for creation of the lookup-table used for adapting the sparse codes of
the unvoiced speech frames

Given: Wideband (WB) development data corresponding to the unvoiced region in the speech only
Given: The WB data is segmented into 20 ms frames with 5 ms overlap and stacked column wise into a
matrix
Step 1: Learn a dictionary DWB-UV having 2000 columns with sparsity constraint of 10 using KSVD
algorithm on WB data
Step 2: Sparse code the columns of WB data matrix on DWB-UV with sparsity constraint of 40 using OMP
algorithm and store the sparse codes into a matrix
Step 3: Each column of WB data matrix is both decimated and interpolated by a factor of 2 to get the
narrowband interpolated (NBI) data matrix
Step 4: For each of the column of NBI data matrix, compute the 39-dimensional MFCC features which
includes 13 static features with their delta and delta-delta appended
Step 5: Vector quantize the NBI MFCC data matrix into a 1024 size codebook
Step 6: For each of code vectors in the codebook, find the index of the NBI data vector that is nearest (in
Euclidean sense) to that code vector
Step 7: Create a lookup-table that maps the MFCC code vectors for NBI data to the WB sparse code
corresponding to the index of the nearest data vector found in Step 6

the given NB speech with appropriate amplitude scaling. Given the NBI sparse codes of speech

data, using the pre-learned mapping function, the WB sparse codes are estimated. Using the

estimated wideband sparse codes and the wideband dictionary, the WB speech is synthesized.

5.4.1 Semi-coupled dictionary algorithum

Semi-coupled dictionary algorithm is initially proposed in [133] for photo-sketch synthesis.

In this work we are discussing the creation of SC dictionaries in the context of ABWE. Let

X and Y denote the training datasets formed by the speech frame pairs of NBI and WB

speech signals. The objective is to minimize the energy function given below to find the desired

semi-coupled dictionaries and the desired mapping function.

min{Dx,Dy,f(.)}{Edata(Dx,X) + Edata(Dy,Y)

+γEmap(f(Λx,Λy)) + λEreg(Λx,Λy, f(.),Dx,Dy)} (5.6)

where Edata(., .) is the data fidelity term to represent data description error, Emap(., .) is the

mapping fidelity term to represent the mapping error between the coding coefficients of two

spaces, and Ereg is the regularization term to regularize the coding coefficients and mapping.

Note that in this model, the coding coefficients of X and Y over Dx and Dy will be related
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Figure 5.5: Block diagram of lookup-constrained linear transformation approach explored for ad-
dressing the mismatch in sparse codes obtained with using NBI and WB dictionaries for
unvoiced case. The alternative of using the looked-up sparse code directly for ABWE is
denoted as the “approximate approach”.

by a mapping f(.). The two dictionaries (Dx and Dy) and the mapping function f(.) will be

jointly optimized.

If the mapping f(.) is assumed to be linear, then the framework in Eq. 5.6 can be turned

into the following dictionary learning and ridge regression problem:

min{Dx,Dy ,W} ‖X−DxΛx‖
2
F + ‖Y −DyΛy‖

2
F

+γ‖Λy −WΛx‖2F + λx‖Λx‖1 + λy‖Λy‖1 + λw‖W‖2F

s.t. ‖dx,i‖l2 ≤ 1, ‖dy,i‖l2 ≤ 1, ∀i (5.7)

where γ, λx, λy, λW are regularization parameters to balance the terms in the objective function

and dx,i, dy,i are the atoms of Dx and Dy, respectively. The objective function in Eq. 5.7 is not

jointly convex to Dx, Dy, W. However, it is convex with respect to each of them if others are

fixed. Therefore, we can design an iterative algorithm to alternatively optimize the variables.

5.4.2 Training

To tackle the energy minimization in Eq. 5.7, the objective function is separated into 3

subproblems, namely sparse coding for training samples, dictionary updating and mapping

updating. First, the mapping W and dictionary pair are to be initialized. W can be simply
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Figure 5.6: The complete block diagram of the proposed sparse representation based ABWE ap-
proach.

initialized as the identity matrix. Using l1-minimization, the sparse codes Λx and Λy can

then be obtained. Note that mapping by W is assumed to be linear, and the bidirectional

transform learning strategy can be adopted to learn transforms from Λx to Λy and from Λy to

Λx simultaneously.

With some initialization of W and dictionary pair Dx and Dy, it can calculate the sparse

coding coefficients Λx and Λy as follows:

min{Λx} ‖X−DxΛx‖2F + γ‖Λy −WxΛx‖2F + λx‖Λx‖1

min{Λy} ‖Y −DyΛy‖2F + γ‖Λx −WyΛy‖2F + λy‖Λy‖1

(5.8)

Eq. 5.8 is a multi-task lasso problem. Many l1-optimization algorithms can solve it effec-

tively. In this work, least-angle regression (LARS) method is chosen as the l1-optimization
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method for its efficiency and stability. With Λx and Λy fixed, dictionary pair Dx and Dy can

be updated as follows:

min{Dx,Dy} ‖X−DxΛx‖2F + ‖Y −DyΛy‖2F

s.t. ‖dx,i‖l2 ≤ 1, ‖dy,i‖l2 ≤ 1 (5.9)

Eq. 5.9 is a quadratically constrained quadratic program problem (QCQP) and a one-by-one

update strategy is adopted to solve it.

min
{W}

‖Λy −WxΛx‖
2
F + (λW/γ).‖W‖2F (5.10)

With dictionary and coding coefficients fixed, it can then update the mapping W:

W = ΛyΛ
T
x (ΛxΛ

T
x + (λW/γ).I)−1 (5.11)

where I is an identity matrix.

With SCDL, it can learn the dictionary pair Dx and Dy on which the sparse coding coef-

ficients of two spaces have stable bidirectional linear transformations. In Section 5.5 we can

further enhance its stability by clustering samples into several clusters.

The SCDL learning algorithm is summarized as in Algorithm 2.

Algorithm 2 Semi-Coupled Dictionary Learning

Input: Training datasets X and Y of two speech cases, namely, NBI and WB. Each corresponding pair
indicates the same speech. Initial dictionary pair Dx and Dy, and initial mapping Wx and Wy.
For each iteration Until convergence:
For each cluster

(i) Fix other variables, update Λx and Λy by sparse coding in Eq. 5.8.

(ii) Fix other variables, update Dy and Dy in Eq. 5.9.

(iii) Fix other variables, update Wx and Wy in Eq. 5.10.

Update clustering index of each pair as described in Subsec. 5.5

Output: Dy , Dy, Wx and Wy
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5.4.3 Synthesis

After learning the dictionaries Dx and Dy and the linear mapping W, for a given speech x

in NBI type, we can easily convert it into a WB speech by solving the following optimization:

min
{αx,i,αy,i}

‖xi −Dxαx,i‖
2
F + ‖yi −Dyαy,i‖

2
F

+γ‖αy,i −Wyαx,i‖
2
F + γ‖αx,i −Wxαx,i‖

2
F

+λx‖αx,i‖1 + λx‖αy,i‖1 (5.12)

where xi is a frame of NBI and yi is the corresponding frame in the intermediate estimate of y

to be synthesized. Eq. 5.12 can be solved by alternatively updating αx,i and αy,i. Finally, each

frame of y can be reconstructed as:

ŷi = Dyα̂y,i (5.13)

After all the frames are estimated, the estimation of the desired speech y can then be

obtained.

In this synthesis method, an initial estimation of y is needed. Depending on the problem,

different strategies can be adopted to initialize y. In the problem of ABWE synthesis, we can

first code xi on Dx for coding vector αx,i and then initialize yi as DyWαx,i.

The SCDL synthesis process is summarized as described in Algorithm 3.

Algorithm 3 SC-ABWE Synthesis

Input: Test speech frame xi, well trained dictionary pair Dx and Dy, the learnt mapping Wx and Wy for
two cases, namely NBI and WB.
Initialization: Initialize yi as discussions in subsec 5.4.3. Initialize clustering index of the frame.
For each iteration Until convergence:

(i) optimization as Eq. 5.12

(ii) Update y as the synthesis in Eq. 5.12.

Output: Synthesized ABWE speech frame y.
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Figure 5.7: Panels (a) and (b) show the reconstructed spectra using the proposed SC-ABWE ap-
proach for a voiced and a unvoiced frames of speech, respectively. For contrast purpose,
the spectra for the sparse representation of WB frame and the original frame are also
shown. Adjacent panels show corresponding sparse codes obtained with WB and trans-
formed NBI codes.

5.5 Clustering based SCDL ABWE

Due to the diverse nature of speech of different phone classes, learning only one pair of

dictionaries and an associated linear mapping function is often not enough to cover all variations

of speech. We therefore chose to cluster the data by NBI KSVD-dictionary of sparsity one. NBI

KSVD-dictionary is produced from NBI and WB joint dictionary learning process. NBI and

WB joint dictionary is learnt by concatenating both NBI and WB frames. We trained 64 atoms

KSVD dictionary for both voiced and unvoiced class. Voiced and unvoiced classification carried

out using FXRAPT function of Voice box toolbox.

The class of NBI test speech frame is found using the sparse coded NBI KSVD-dictionary

with sparsity one. The index of the atom with highest correlation to the test frame is taken as

the clustering label.
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5.6 Experimental Setup and Performance Measures

For the evaluation of the proposed approach, the speech data is taken from WSJCAM0 [152]

database commonly used for developing the automatic speech recognition systems. In WSJCAM0

database, the partitioning of training and testing sets are available. For learning the dictionary

for the sparse representation, a development set was created by randomly choosing one file

each from 92 speakers available in the training set. The evaluation of the developed methods is

done on the "5k-test set" consisting of 368 files from 20 speakers. All speech data is segmented

into 20 ms rectangular windowed frames keeping 5 ms overlap between the frames. To create

separate dictionaries for voiced and unvoiced speech, the overall development data consisting of

1.2×105 frames is marked using FXRAPT function of Voicebox [153]. That resulted in 76×103

and 44× 103 frames for voiced and unvoiced speech cases, respectively. While learning the dic-

tionary with KSVD algorithm, a sparsity value of 10 is used whereas a sparsity value of 40 is

employed for sparse coding the speech data for ABWE. These sparsity values are chosen based

on experimentation. For the purpose of creation of the lookup table, the unvoiced NBI speech

frames of the development data are also parameterized into 39-dimensional MFCC features

which include 13 base features and their corresponding velocity and acceleration coefficients.

The Speech Quality measures are described in Appendix A.

5.7 Experimental Results and Discussion

For contrast purpose, the performance for a conventional ABWE method [146] is also eval-

uated. It is a traditional method and employs the source-filter model of speech. In the contrast

method, the information in NB and HB portions of speech is captured in LSF domain. A

joint NB-HB (10-6 dimensional) LSF features are computed and modelled using a 32 compo-

nent Gaussian mixture model having a full covariance matrix. Given the NB information, the

missing HB information is estimated following minimum mean square error (MMSE) criterion.

Therefore the estimated HB speech is then added with suitable scaling to the given NB speech

to produce the bandwidth extended speech.
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Table 5.1: Performances for the proposed SR-ABWE approach in the default case and including those
with the global linear transformation (LT), the approximate approach (use of looked-up WB
sparse code) and the lookup-constrained global LT applied for unvoiced (UV) frames only.

Method
Enhancement Measures

applied for UV frames dLSD segSNR dLLR PESQ

SR-ABWE
Default 11.04 9.62 0.64 4.46

Linear transform 9.85 10.44 0.68 4.46
Approx. approach 9.81 10.49 0.56 4.46

Lookup-constrained LT 9.64 10.53 0.64 4.46

Conventional-ABWE (LSF based) 11.18 8.53 0.60 4.14

The performances for the contrast method and the proposed SR-ABWE approach along with

that of its enhancements are given in Table 5.1. On comparing with the contrast approach,

we note that the proposed SR-ABWE approach in the default case has resulted in better per-

formances for all measures expect for slight degradation in case of dLLR. For addressing the

weakness of the proposed ABWE framework in the unvoiced case, both the linear adaptation of

NBI sparse codes and lookup-constrained linear adaptation have resulted significant improve-

ment in performance for almost all measures. Interestingly, the use of lookup based putative

WB sparse code without linear transformation is also found to be quite effective, though not

for all measures, for addressing the poor modelling issue for the unvoiced case.

To achieve optimal performance in case of semi-couple dictionary by tuning, the different

results obtained for the case of coupled dictionaries are given in Table 5.2 . The couple dic-

tionaries case involve joint training of the dictionaries, where as the semi-coupled also involves

learning the mapping function. The corresponding results for the semi-couple dictionaries are

also tabulated in Table 5.3. As it can be observed, the semi-coupled dictionary case provides

the best performance of 8.64 for dLSD when 20 atoms are used.
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Table 5.2: Performances for the Coupled-ABWE, SC-ABWE Performances with different number of
atoms.

Method
No of Measures
atoms dLSD segSNR dLLR PESQ

Copuled-ABWE
20 8.78 11.14 0.92 4.45
50 8.93 10.67 0.79 4.45
100 10.26 9.71 0.62 4.45

Method
No of Measures
atoms LSD segSNR LLR PESQ

SC-ABWE
20 8.64 11.25 0.95 4.41
50 8.73 10.76 0.80 4.43
100 9.13 10.43 0.71 4.43

Table 5.3: Performances for the proposed SC-ABWE approach and the lookup-constrained global LT
applied for unvoiced (UV) frames only.

Method
Enhancement Measures

applied for UV frames dLSD segSNR dLLR PESQ
SR-ABWE Lookup-constrained LT 9.64 10.53 0.64 4.46

SC-ABWE 8.64 11.25 0.95 4.41

Conventional-ABWE (LSF based) 11.18 8.53 0.60 4.14
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5.8 Application of Sparse Representation based ABWE in

Children’s Speech ASR

It is well known that the acoustic attributes between adults’ and children’s speech differ sig-

nificantly. As a result of that when children’s speech recognition is performed on adults’ speech

trained ASR systems a high degradation in the recognition performance is noted. Further,

when NB speech data used for developing the ASR system instead of WB data, the recognition

performances for both adults’ and children’s undergo significant degradation but its extent is

larger for the recognition of children’s mismatched speech condition, i.e., with respect to adults’

speech trained acoustic models. This behavior is attributed to greater loss of spectral informa-

tion in higher band in case of children’s speech unlike that in adults’ speech with reduction in

the bandwidth of acquired speech signals. The effectiveness of the SR-ABWE approach and

modifications explored in this work seem to be encouraging in the speech domain. It would

be interesting to evaluate whether the bandwidth enhancement explored are also helpful in

bridging the gap between recognition performance for WB and NB speech in case of children’s

mismatched speech recognition. Towards this purpose, a conventional context-dependent hid-

den Markov model (CD-HMM) based ASR system is developed using HTK toolkit [72]. The

parameters of the ASR system is learned using the adults’ (male and female) speech data from

WSJCAM0 [152] speech corpus.

The ASR systems in this work are developed by following the procedure described in the

earlier work [154]. The speech analysis is carried out using a Hamming window of length 25

ms, frame rate of 100 Hz and a pre-emphasis factor of 0.97. The MFCC base feature vector of

13-dimension is computed from a 21-channel mel filterbank using the HTK toolkit. The first-

and second-order temporal derivatives, computed over a span of 5 frames, are appended to the

MFCC base features, resulting a final 39-dimensional feature vector, henceforth referred to as

the MFCC features. Cepstral mean subtraction is also applied to all features during training

and testing.
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5.8.1 Speech database

The evaluation of the proposed ABWE approaches is done on the speech data obtained

from PFSTAR [9] speech corpus which is commonly used for evaluating the ASR performance

of children’s speech. In the PFSTAR corpus, the speech data is partitioned into training and test

sets. For learning the dictionaries, a smaller development set is created by randomly selecting

127 utterances such that at least one speech file is considered for each of 80 speakers (male

and female) from the existing training set. Similarly, for evaluating the ABWE approaches

a smaller size test set is created by randomly selecting 115 utterances such that at least one

speech file is considered for each of 60 speakers (male and female) from the existing test set. The

selected speech data is analyzed into frames of 20 ms length keeping a frame-shift of 5 ms. For

creating the separate dictionaries for modelling voiced, and unvoiced cases, the speech frames in

the development and the test data are labeled into voiced/unvoiced using appropriate functions

available in the voicebox [153], a commonly used MATLAB based speech toolbox. That resulted

in a total of 382, 148 voiced and 329, 882 unvoiced frames in the training set, whereas the test

data contained a total of 339, 995 voiced and 317, 449 unvoiced frames.

5.8.2 System parameter tuning

The dictionaries in the default and the proposed single clustered approaches are learned us-

ing KSVD algorithm with a sparsity value of 10, number of dictionary atoms as 1000, iterations

50. During the sparse coding stage, the representation sparsity value of 50 is considered.

For the proposed sub-class dictionaries learning approach, we experimentally tuned the

number of sub-class dictionary atoms to be 20 and the number of clusters in each of the broad

speech class to be 64. The number of iterations for each of the sub-class dictionary learning is

kept same as that of the previous single clustered approach. In this approach, for the purpose

of sub-class dictionaries learning and sparse coding techniques, all the atoms of the sub-class

dictionary are considered.
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5.8.3 Results and discussion

The effectiveness of the proposed modifications in the existing SR-ABWE approach are

evaluated in terms of different speech quality measures and the results of the same are given

in Table 5.4. Further, the sub-classification within each broad speech class has also helped

in improving in the quality of the bandwidth enhancement. The significant improvements are

noted for dLSD and dLLR, although a slight degradation is noted for segSNR. Note that PESQ

measure turned out to be more or less same for both cases. This appeared some what strange

which motivated us to try finding the effect of missing higher band information on PESQ. For

the NBI speech PESQ score turned out to be 4.49 whereas the same for WB speech turned out

as 4.5, thus higher band spectral information does not appear to affect the score. As in the

ABWE processing, the given NB spectral information does get affected slightly while adding

the higher band information which accounts for small degradation noted in PESQ scores for

ABWE methods.

Table 5.4: Performances for the No enhancement, SR-ABWE V/UV 1-cluster and V/UV 64-cluster.
The quality measures are also computed for simply upsampled narrowband speech and the
same is referred to as ‘No enhancement’.

System dLSD dLLR segSNR PESQ

No enhancement 13.99 4.03 14.62 4.49
V/UV, 1-cluster 9.08 1.69 10.00 4.42
V/UV/, 64-clusters 8.29 1.26 12.83 4.43

The ASR performances for the default and the proposed approaches are measured and

noted in Table 5.5. It has been observed that the proposed clustering based dictionary learning

technique for SR-ABWE approach using single cluster results in improved ASR performance

when compared to that of non-enhanced speech data. However, the 64 cluster case does not

improve the ASR performance, even though the objective measures showed improvement. This

needs further exploration.
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Table 5.5: Recognition performances for children’s speech (CH) test sets under mismatched condition
having narrowband (NB), wideband (WB), SR-ABWE V/UV 1-cluster and V/UV 64-
cluster.

System NB WB
V/UV
1-cluster

V/UV
64-cluster

WER(%) 47.58 34.59 45.74 49.46

5.9 Summary

In this work, a novel approach for ABWE of narrowband speech is presented exploiting the

sparse representation paradigm. The proposed ABWE approach is based on the premise that

with a suitably learned over complete dictionary, it is more likely to produce similar sparse codes

for NB and WB speech. Thus sparse codes for the NB speech obtained with NB dictionary

when applied to WB dictionary can synthesize the bandwidth enhanced speech. The proposed

approach is found to be quite effective for the voiced speech but for the unvoiced speech it

required linear adaptation of sparse codes to enhance the performance. One possible extension

of this work is to create the dictionaries and the linear transformation in joint manner rather

than separately. Such an objective based learning of dictionary is already explored in form of

semi-coupled dictionary in image processing domain.

A semi-coupled dictionary learning based ABWE is then developed for improving the SR-

ABWE. Later a clustering approach is employed on the SCDL for further improvement. Among

the different approaches proposed, the semi-coupled with clustering provides the best perfor-

mance. The application of SR-ABWE method is demonstrated in children’s ASR task using

PFSTAR database. The SR indeed helps in reducing the mismatch between acoustic models

trained using adults’ speech data and tested using children’s speech data.
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The work started with an objective of developing methods for improving children’s speech

recognition under mismatched condition. The main distinction between children and adults is

the change in the dimensions of speech production system and associated dynamics. Children’s

have shorter vocal tract length and hence important information about the shape of the vocal

tract is present in the higher band (HB) ranging from 3.4-8 kHz. Also due to thinner dimensions

of vocal folds, vibrations are faster compared to adults and hence the non-stationarity in case

of children’s speech is high. Due to both these aspects, the children’s speech is quite different

compared to that of adult. As a result, an ASR system trained using adults’ speech gives poor

performance when tested with children’s speech.

Earlier attempts for improving children’s speech recognition under mismatched condition

included VTLN and minimizing pitch mismatch cases. In VTLN case, the vocal tract length

is normalized so that the effect of shorter vocal tract length is minimized. The truncation of

cepstral coefficients resulted in minimizing the pitch mismatch effect. The present work focused

on a specific case termed narrowband testing scenario. However, the ASR is trained with WB

adults’ speech. When tested with both WB and NB adults’ speech, the ASR performance is still

good. Alternatively, testing with NB children’s speech significantly degrades the performance

to 9.37%. This is taken as mismatched condition in the present work and the question set for

the exploration was how to improve ASR performance under mismatched condition. For this

there should be some target performance value which can be set as the best achievable results.

The ASR studies using WB speech was conducted. In case of adult, WB training and testing

gives a WER of 0.35% and is 3.21 % for the case of WB children’s speech. Therefore the best

achievable performance that can be set as target for ASR under mismatched condition is 3.21%.

6.1 Summary

To carry out the exploration, the literature related to children’s speech recognition was

reviewed. Apart from other aspects, the two important directions explored based on VTLN

and pitch mismatch cases were reviewed in detail. Both these approaches of course provide

improved performance, but only by minimizing the effect of variabilities between children’s
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and adults’ speech and not by adding or constructing any new information. However, what is

required in the present work was to have methods that can reconstruct missing information in

HB range for the children’s speech. These methods are collectively termed as ABWE methods.

The first study started with the motivation to demonstrate the significance of ABWE for

speech recognition. For this, a TI-DIGITS based digit recognition system using MFCC and

HMM was developed. For comparison purpose, the ASR system was developed for both adults’

and children’s speech and also in each, NB and WB. When NB speech trained adults’ speech

models are tested with NB adults’ speech, the performance is best demonstrating the matching

condition. The NB children’s speech tested against NB adults’ speech models gave the worst

performance indicating the significant mismatch. An existing mostly used ABWE method is

implemented and ASR study is performed. The ABWE extended children’s speech provided

significant performance improvement compared to its NB case (4.06 %), demonstrating the

significance of ABWE.

The VTLN using a standard approach alone also improved the ASR performance signifi-

cantly in case of children’s speech, for both NB (1.64%) and WB (0.77%) cases. This will tempt

to conclude that VTLN will suffice to reduce mismatch in case of children’s speech. However,

the further improved performance in the case of combination of VTLN with ABWE (1.17%)

as compared any of the individual cases infer that, there is some different information in both

VTLN and ABWE methods. This is true also, as VTLN only performs normalization only

within the given band, where as, ABWE tries to reconstruct information outside the band also.

The truncation of MFCC coefficients also provides significant performance improvement

in children’s speech (4.47%). This shows that the pitch and vocal tract length mismatch is

significantly high in case of children’s speech. Thus truncation of coefficients is effective in

case of children’s speech recognition under mismatched condition. Compared to NB, the WB

case provides better performance for children’s speech in the truncated features case (1.98%).

This shows that, higher band information helps in children’s speech recognition along with

coefficients truncation. Therefore using ABWE along with coefficients truncation provided a

performance which is significantly better compared to only by truncation of coefficients. Thus
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the information offered by both the cases are different. The above studies strongly established

the foundations for the proposed direction of work.

Having established the significance of ABWE for children’s speech recognition under mis-

matched condition, the second part of the work concentrated on developing ABWE methods by

exploiting some of the observations about the cause for the mismatch. These included class spe-

cific information, age specific information, and changes in vocal tract shape information in the

form of delta features. To motivate the work initially, the statistical measures are described and

computed. These included mutual information, differential entropy, their ratio and separability

measure. The important observation that motivated the proposed method is the variability in

the statistical measure values across class, age and delta features. Also, it was observed that

the statistical measure values increase when the auxiliary information is exploited as compared

to the global transform case.

The first method of ABWE was based on exploiting the class (digit) specific information. To

see the effectiveness of the class specific information, initially supervised class specific ABWE

method is proposed where the class information is taken from the available transcription. The

global transform case gave 4.74 % and the supervised case gave 3.49 %. After an unsupervised

class specific ABWE method is developed where the class information is predicted from the

test data and used for ABWE and this provided 3.73 %. The results infer that the class specific

information is indeed effective in performing ABWE.

A feature domain ABWE method is proposed using MFCC representation. The existing

ABWE method based on MFCC follows the vocoder framework where the speech is synthesized

from MFCC and then the ABWE is performed in vocoder framework. Alternatively, since

the goal of present work is ASR, the ABWE using MFCC can be significantly simplified by

working in the feature domain itself. Based on this motivation, a feature domain ABWE

method using MFCC is proposed. The existing ABWE method based on MFCC provides a

WER of 9.19 % where as the proposed one provides a WER of 8.88 %. This shows that even

though improvement in terms of performance it is moderate, but the same is achieved with

much simplified methodology.
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The proposed feature domain MFCC based ABWE methods is then used for further demon-

strating the significance of age specific and delta information. The NB performance for age

specific study gave 9.83 %. The global transform case gave a WER of 9.0 %. The supervised

case of age specific information provided a WER of 7.33 % which is the best performance that

can be achieved using age information. The unsupervised age prediction method provides a

WER of 7.31 % which is comparable to that of supervised case. The next study exploited the

delta features information on top of the age specific information. The delta features information

improves the performance of the system from 9.0 % to 6.23 % for global transform case and

from 7.33 % to 5.15 % in case of age specific information case. Thus all these studies infer that

it is indeed possible to develop ABWE methods using the auxiliary information and provide

significantly better performance compared to the NB case.

Having exploited the auxiliary information for ABWE, the last part of the work focused on

developing ABWE using the recent developments in the signal processing field. The sparse rep-

resentation based signal modelling approach was found to result in state-of-the-art performances

in many signal processing applications. Motivated by this, the present work also explored de-

veloping an ABWE method exploiting the sparse representation modelling of speech frames in

the signal domain.

The proposed ABWE approach is based on the premise that with a suitably learned over

complete dictionary, it is more likely to produce similar sparse codes for NB and WB speech.

Thus sparse codes for the NB speech obtained with NB dictionary when applied to WB dic-

tionary can synthesize the bandwidth enhanced speech. The proposed approach is found to be

quite effective for the voiced speech but for the unvoiced speech it required linear adaptation of

sparse codes to enhance the performance. A semi-coupled dictionary learning based ABWE is

then developed for improving the SR-ABWE. Later a clustering approach is employed on the

SCDL for further improvement. Among the different approaches proposed, the semi-coupled

with clustering provided the best performance. The proposed SR-ABWE method gives better

match between the acoustic models trained using adults’ speech and tested using children’s

speech demonstrating the significance.
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6.2 Major Contributions

The conclusions from the explorations made in this study are as follows:

• The ASR study using TI-DIGITS database infers that there is significant degradation in

performance for children’s speech recognition under mismatched condition.

• The VTLN approach improves the performance of children’s speech recognition under

mismatched condition by normalizing the vocal tract length. This effectively tries to

minimize the mismatch due to difference in vocal tract length within the given band of

speech.

• The coefficients truncation also improves the ASR performance by minimizing the pitch

mismatch effect between children’s and adults’ speech.

• The use of standard ABWE is found to be effective for children’s speech recognition under

mismatched condition.

• The information offered by ABWE approach is different compared to those of VTLN and

coefficients truncation, and can be used in combination with any of these methods for

further improving performance.

• The ABWE using class-specific (digit-specific) information improves the ASR perfor-

mance demonstrating its significance in ABWE.

• The proposed MFCC based ABWE method in the feature domain is effective like the

existing MFCC based ABWE in vocoder framework, but with significant saving in com-

putations as it operates in the feature domain.

• The age-specific information is also found to be useful for ABWE.

• The delta features representing the change in the vocal tract shape information indeed

capture the fast changing dynamics associated with children’s speech and hence the

ABWE using this information is effective in improving ASR performance.
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• The ABWE framework based on sparse representation seem to be effective in improving

ASR performance.

• The semi-coupled dictionary based learning involving the clustering provides the best

performance among the different sparse representation related explorations.

6.3 Future Work

• The exploration of sparse representation for ABWE is only an initial study. Further

studies are needed to improve the performance. The same work can be explored for

children’s speech recognition under mismatched condition.

• The current work explored the use of GMM for mapping between NB and HB information.

More recent methods like deep neural networks may be explored for capturing better

relation/mutual information between NB and HB.

• The current work explored mostly MFCC based features for ABWE. The same ABWE

methods can be explored using other features to see their effectiveness.

• Neural networks can be used for capturing the relations between NB and WB features.

The same network can then be used for recovering WB features from NB features. The

recovered features can be used for ASR studies.

• Methods may be developed for reducing the mismatch between children and adult speech

by analyzing the excitation source information.
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A. Objective Speech Quality Measures

To quantify the performance of the proposed ABWE approach, a number of measures have

been computed. Among the different measures considered, the subband log spectral distortion

(LSD) is the one which is designed to measure the performance of the bandwidth extension

approaches. It measures the distortion in the missing frequency band and its square defined as

dLSD =

√√√√√20

π

∫ wh

wl


log10

g

|Y (ejw)|
− log10

ĝ∣∣∣Ŷ (ejw)
∣∣∣


 dw (A.1)

The segmental signal-to-noise ratio (segSNR) is a widely used objective measure. It requires

the knowledge about both target and clean signals for computation and is defined as

segSNR = 10 log10

( ∑N

n=1 x
2[n]∑N

n=1(x[n]− x̂[n])2

)
(A.2)

where x[n] is the clean speech, x̂[n] is the target speech, and N is the number of samples in

the frame. Another popular measure is the log-likelihood ratio (LLR) which involves the LPC

vectors computed from clean and target speech. LLR measure is calculated as

dLLR = log10

(
atRca

T
t

acRcaT
c

)
(A.3)

where ac and at denote LPC vector for clean and target speech; Rc is the autocorrelation matrix

for clean speech.

so that the test and reference patterns are compared with each other solely on the basis of

their spectral shapes. The resulting distortion measure is called the likelihood ratio distortion

measure and is represented as

dLR =
atRca

T
t

acRcaT
c

− 1 (A.4)

The Cepstrum Distance (CD) is an estimate of the log-spectrum distance between clean

and distorted speech. Cepstrum is calculated by taking the logarithm of the spectrum and

converting back to the time-domain. By going through this process, we can separate the

speech excitation signal (pulse train signals from the glottis) from the convolved vocal tract

characteristics. Cepstrum can also be calculated from LPC parameters with a recursion formula.
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CD can be calculated as follows:

dCEP (cd, cc) =
10

log10

√√√√2

p∑

k=1

{cc(k)− cd(k)} (A.5)

where cc and cd are Cepstrum vectors for clean and distorted speech, and P is the order.

Cepstrum distance is also a very efficient computation method of log-spectrum distance. It is

more often used in speech recognition to match the input speech frame to the acoustic models.

The weighted likelihood ratio distortion measure, dWLR, has the form

dNWLR =
N∑

i=1

(
rc(i)

rc(0)
−

rd(i)

rd(0)

)
(cc(k)− cd(k)) (A.6)

The weighted slope metric (WSM) has the form

dWSM =
1

M

M−1∑

m=1

∑k

j=1W (j,m)(Sc(j,m)− Sd(j,m))
∑k

j=1W (j,m)
(A.7)

where K is the number of bands, M is the total number of frames, and Sc(j,m) and Sd(j,m)

are the spectral slopes (typically the spectral differences between neighboring bands) of the jth

band in the mth frame for clean and distorted speech respectively.

The perceptual evaluation of speech quality (PESQ) [24] is a quantitative measure that is

designed to correlate with mean opinion score (MOS), a subjective measure of speech quality.
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