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Abstract

The work presented in this paper is motivated by our earlier
work exploring sparse representation based approach for auto-
matic bandwidth extension (ABWE) of speech signals. In that
work, two dictionaries one for voiced and the other for unvoiced
speech frames are created using KSVD algorithm on wideband
data. Each of the atoms of these dictionaries is then decimated
and interpolated by a factor of 2 to generate narrowband inter-
polated (NBI) dictionaries whose atoms have one-to-one corre-
spondence with those of the WB dictionaries. The given nar-
rowband speech frames are also interpolated to generated NBI
targets and those are sparse coded over the NBI dictionaries.
The resulting sparse codes are then applied to the WB dictionar-
ies to estimate the WB target data. In this work, we extend the
said approach by making use of an existing semi-coupled dic-
tionary learning (SCDL) algorithm. Unlike the direct dictionary
learning, the SCDL algorithm also learns a set of bidirectional
transforms coupling the dictionaries more flexibly. The band-
width enhanced speech obtained employing the SCDL approach
and a modified high/low band gain adjustment yields significant
improvements in terms of speech quality measures as well as in
the context of children’s mismatched speech recognition.

Index Terms: Speech bandwidth enhancement, sparse repre-
sentation, semi-coupled dictionary.

1. Introduction

The legacy telecom networks employ both narrowband and
wideband adaptive multi-rate (AMR) speech codecs with dy-
namic mode selection to achieve high throughput. In narrow-
band AMR codec, the speech signal is limited to 0.3-3.4 kHz.
Thus, a loss of highband (HB) spectral information occurs when
that mode is selected for communicating over the network. This
results in degradation of the speech perceptual quality when
compared with that of the wideband (WB) speech. Since the
unvoiced speech contains significant HB information restoring
that is expected to improve the speech quality. The techniques
used to estimate the lost HB information from the given low-
band (LB) speech data are called as artificial bandwidth ex-
tension (ABWE) [1] techniques. The research in ABWE area
still has relevance as it helps improve the perceptual quality
of speech without actually increasing the bit rate or the for-
mat through the addition of side information of the narrow-band
speech signal.

The sparse representation (SR) technique has been widely
used in many signal processing applications and also resulted in
the state-of-the-art performances. The main aim of the SR tech-
nique is to approximate the target signals as the linear combina-
tions of a small number of atoms from a data driven dictionary.
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Lately, the attention has been given towards creating suitable
dictionaries for many applications. Dictionary learning meth-
ods aims at training an over-complete dictionary in a single fea-
ture space for different mapping and classification tasks. Moti-
vated by that, in our earlier work [2], we have proposed a novel
SR-based ABWE (SR-ABWE) approach for speech signals. In
that work, a WB dictionary is learned from the given WB train-
ing speech frames using the KSVD algorithm. Now, the NBI
dictionary for sparse coding the target NBI speech frames is
derived by first decimating then followed by interpolating the
atoms of the learned WB dictionary by a factor of 2. Simi-
lar to the existing ABWE approaches, the given lowband (LB)
speech has been retained without any modification while the
estimated highband (HB) speech has been added to the given
LB speech with appropriate amplitude scaling. This approach
referred to as the direct-coupled dictionary learning (DCDL) in
this work. The earlier proposed DCDL approach for the ABWE
task was noted to be quite effective for the voiced speech frames
but found to be less effective for the unvoiced speech frames.
This is due to the inconsistency in WB and NBI sparse codes.
Also, the voiced and the unvoiced speech characteristics differs
significantly. So, the dictionaries are to be properly learned to
maintain consistency in the WB and NBI sparse codes and also
to represent the target voiced and unvoiced speech data.

To address the above mentioned problems, in this work,
we have explored an existing semi-coupled dictionary learning
(SCDL) [3] algorithm for the ABWE task. This algorithm aims
at learning bidirectional transformers iteratively along with the
coupled dictionaries. In SCDL approach, the dictionaries are
not fully coupled, and hence the two spaces can be mapped
more flexibly. This results in more effective modeling of the
characteristics of speech signal especially in the case of the un-
voiced speech frames. Further to improve the quality of the
enhanced speech, the existing scheme for adjusting the gain be-
tween LB and HB bands is also modified. Instead of the whole
band, now the energies in the narrow higher edge of the es-
timated and the given LB speech are considered for the gain
estimation.

The remaining of this paper is organized as follows: In
Section 2, the explored SCDL dictionary learning technique
for SR-ABWE with the modified gain adjustment approach is
presented. A detailed description of the experimental setup for
the ABWE technique is given in Section 3. The evaluation of
the SCDL-based bandwidth enhanced speech in terms of speech
quality measures is presented in Section 4. Also, in Section 5
the effectiveness of the contrast and the explored ABWE ap-
proaches are evaluated in context of children’s automatic speech
recognition (ASR) under mismatched condition. This paper is
finally concluded in Section 6.
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Figure 1: The complete block diagram of the semi-coupled dictionary
learning (SCDL) based ABWE approach including the proposed modi-
fications in terms of amplitude scaling.

2. SCDL-based SR-ABWE approach

The basic SR-ABWE approach was reported in our earlier
work [2]. In that work, two dictionaries one for voiced and
the other for unvoiced speech frames are created using KSVD
algorithm on WB data. Each of the atoms of these dictionaries
is then decimated and interpolated by a factor of 2 to generate
narrowband interpolated (NBI) dictionaries whose atoms have
one-to-one correspondence with those of the WB dictionaries.
The given narrow (NB) speech frames are also interpolated to
generated NBI targets and those are sparse coded over the NBI
dictionaries. The resulting sparse codes are then applied to the
WB dictionaries to estimate the WB target data. This approach
worked well for voiced speech frames but found to be less ef-
fective for unvoiced speech frames due to the inconsistency in
WB and NBI sparse codes. So, to address this issue, in this
work a pair of dictionaries are learned to capture the structural
hidden characteristics of the two spaces along with a mapping
function. Once the dictionaries and the mapping function are
learned, ABWE can be performed using them. Since, the two
dictionaries are not fully coupled, this approach is referred to as
semi-coupled dictionary learning (SCDL). The detailed block
diagram of the proposed SCDL-based ABWE (SC-ABWE) ap-
proach for a speech frame is shown in Fig. 1. The block dia-
gram shows that the given speech frame is first classified into
two broad classes (V/UV) using a voice detector. For separat-
ing passband (PB) and HB portions of the bandwidth enhanced
speech, 40-order Chebyshev filters are employed. Further, the
creation of semi-coupled dictionaries is elaborated in Sec. 2.1.

2.1. SCDL algorithm

Given the training speech frames S, and S, corresponding to
NBI and WB speech data, respectively. The SCDL algorithm
aims at minimizing the energy function given by Eq. 1 to find
the coupled dictionaries along with the desired mapping func-
tion:

min  Eq(®s,Sz) + Ea(®,,Sy) +
(B0 @y 0 ()} d( ) d( Y y)

where Eq4(.,.) and E,,(.,.) represent the data description er-
ror, the mapping error between the coding coefficients of two
spaces while E,. represents the regularization term. In this ap-
proach, the speech data S, and S, are related to ®,, and @, by
a mapping function f(.). Here, the semi-coupled dictionaries
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(®, and ®,) and the mapping function f(.) are jointly opti-
mized.

Assuming f(.) is a linear transformation, Eq. 1 can be fur-
ther modified into the following dictionary learning and regres-
sion problem:

min
{®e, Py, T}

+n)10y — TO||% + CollO ]l + G110y 1 + Cr|| T
s.t. ||¢961H12 <1 H¢yz‘H12 <LVi @)

where 1, (z, Cy, (T are the regularization parameters and ¢,
¢y, are the atoms of the dictionaries ®, and @, respectively.
The objective function in Eq. 2 is not jointly convex to ®,., ®,,
T. But, it is convex with respect to each of the parameters if
others are kept fixed. So, an iterative algorithm can be designed
to optimize the variables alternatively. The mapping function
T is initialized as an identity matrix and the coding coefficients
6. and 6, are assumed to be identical.

1S — 0|7 + ISy — B0y ll7

2.1.1. Training

To minimize Eq. 2, the objective function is partitioned into
three sub-tasks namely sparse coding for the training data, up-
dating the dictionary and updating the mapping function. By
initializing the mapping function T and the dictionary pair @,
and ®,, the sparse coefficients 8, and 6, can be calculated as
follows:

?;u]{ S0 — ®20. (7 + 1|6y — Tubu |7 + 16211
l{gir}l 1Sy — q’yng% + 7|0 — Tyng%“ + GyllOyllx
Y
3)

The Eq. 2 is an [; -optimization problem and can be solved using
the least angle regression (LARS) algorithm [4]. Here, we as-
sume that the mapping function T is linear and the bidirectional
transformation approach can be adopted to learn the transforma-
tion from 6, to 8, and from 6, to 8, simultaneously.

By fixing 6, and 6,, the dictionaries ®, and ®, can be
updated by using the following equation:

min [|Se — .07 + ISy — 46, |%

{q)a:véy}
s.t. Vi, Hqszz”b <1 ||¢)$z||l2 <1 C))

By fixing the dictionaries and coding coefficients the mapping
function T can be updated as follows:

?g?ﬂay—-TEOIH%-+(CT/W)HTW% )

Eq. 5 is a ridge regression problem. So, it can be solved as
follows:
T = 0,07 (6.0, + (¢r/n). D)™

where I represents an identity matrix.

6

2.1.2. Synthesis

By using the resultant dictionaries ®,, ®, and the mapping
function T, the target NB speech frame s, can be transformed
into corresponding enhanced WB speech frame s, by iterating
the following equations:

min Hszl - aniz‘ H% + Hsyi - q’yayi H% +

{O‘zi Oy, }

ey, = Ty, |7+ Gllew, l + Glley, s (D)



Algorithm 1 : Semi-coupled dictionary learning (SCDL) algo-
rithm
Input: Given the training speech data S and S, the initial dictio-
nary pair @, and ¥, and the initial mapping functions Tz and T,
for the two spaces.
For each iteration Until convergence:

1. By sparse coding, update 6, and 6, by fixing other variables
in Eq. 3.

2. Update @, and @ by fixing other variables in Eq. 4.
3. Update T and Ty by fixing other variables in Eq. 5.
Output: &, ¢,, T, and T,

Algorithm 2 : Bandwidth enhancement using SCDL

Input: Given the target speech frame s, learned dictionaries ®
and @, and the learned mapping functions T, and T, for the two
spaces.

Initialization: Initialize s, = ®,(Tyos,;) where o, is obtained
by sparse coding s, over ®..

For each iteration Until convergence:

1. Find the optimum o, using Eq. 7.
2. Update s, using Eq. 8.
Output: Enhanced WB speech frame s, .

®

Finally, the enhanced WB speech frame s, is the resultant §,,
after the final iteration.

Sy, = Py,

2.2. Modified gain adjustment technique

In the existing DCDL approach, the scaling factor for adjusting
the amplitude level estimated highband portions for each frame
is determined by finding the ratio of energies of the given signal
and the lowpass (0-4 kHz) version of the estimated WB signal.
In subsequent investigations, this scheme was noted to result in
improper scaling of highband for the unvoiced frames. In Fig. 2,
the concerned spectra for an unvoiced frame are plotted to illus-
trate this problem. From that figure, it can be observed that the
spectral profiles of the estimated and the target (original) sig-
nals differ substantially for lowband and highband regions. As
a result of that the values of the estimated scale factor turns out
to be quite low, this in turn leads to loss of the highband energy
in the bandwidth enhanced signal. To address this problem, we
explored collecting the energy from a narrow passband close to
4 kHz in scale factor computation. For this purpose, a 40-order
Chebyshev bandpass filter is designed with higher edge of the
passband as 3.4 kHz and its lower edge is tuned on a devel-
opment dataset. The passband range of 3-3.4 kHz is found to
result in the best performance.

3. Experimental setup

In this section, the detailed description for the database used
in conducting the experiments, the system parameters tuning
and the measures used for evaluating the quality of bandwidth
enhanced speech have been discussed.

3.1. Speech database

The evaluation of the SC-ABWE approach has been performed
on the speech data obtained from PFSTAR [5] speech corpus,
a commonly used dataset used for evaluating children’s auto-
matic speech recognition (ASR) performance. In that dataset,
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Figure 2: Spectral plots of the observed and the estimated signals for
an unvoiced frame, illustrating the procedure followed in the modified
gain computation to boost the energy of the estimated highband spectra.

the speech data is partitioned into training and test sets. A
smaller development set is created from the existing training
set for learning the dictionaries by randomly selecting 127 ut-
terances such that at least one speech file is considered for each
of 80 speakers (male and female). In the same way, a smaller
evaluation set is created from the existing test set by randomly
selecting 125 utterances such that at least one speech file is con-
sidered for each of 60 speakers (male and female) for evalu-
ating the SC-ABWE approach. The selected training and test
speech data is analyzed into frames of 20 ms length keeping
a frame-shift of 5 ms. The training and the test speech frames
are classified into voiced/unvoiced classes using FXRAPT func-
tion [6] available in the voicebox, a commonly used MATLAB-
based speech toolbox. This resulted in a total of 382, 148 voiced
and 329, 882 unvoiced frames in the training set and a total of
339, 995 voiced and 681, 889 unvoiced frames in the test set.

3.2. System parameter tuning

The dictionaries in the DCDL approach are learned using
KSVD algorithm with number of dictionary atoms as 1000, a
sparsity value of 10, and iterations 50. In this approach, the
orthogonal matching pursuit (OMP) algorithm with represen-
tation sparsity value of 50 is used during the sparse coding
stage. In the case of the explored SCDL approach, the dic-
tionary learning procedure is iterated 10 times with number of
dictionary atoms as 1000. During synthesis, the re-estimation
is performed for 10 iterations to obtain the enhanced target WB
speech frame. In the SCDL approach, during the sparse coding
stage the LARS algorithm is used without any constraint on the
sparsity.

3.3. Performance measures

The effectiveness of the SCDL-based ABWE technique is mea-
sured by a number of speech quality measures, namely sub-
band log spectral distortion (LSD) [7], log-likelihood ratio
(LLR), segmental signal-to-noise ratio (segSNR) and percep-
tual evaluation of speech quality (PESQ). All the above men-
tioned speech quality measures are computed using the Com-
posite tool downloaded from the website of the authors of [8].

4. Results

The effectiveness of the modified gain adjustment technique ap-
plied over the earlier proposed DCDL-based ABWE approach



Table 1: Evaluation of DCDL and SCDL based ABWE approaches
in terms of speech quality measures. For highlighting the efficiency of
the explored ABWE methods, the measures are also calculated for the
interpolated narrowband speech and is referred to as ‘No enhancement’.

[ Type | LSD [ LLR [ Seg_SNR [ PESQ |
No enhancement 13.99 | 4.03 14.62 4.49
DCDL + existing G 9.08 1.69 10.60 4.42
DCDL + modified G | 8.75 | 1.50 10.47 4.42
SCDL + modified G | 7.93 | 1.09 10.14 4.42
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Figure 3: Plots showing the enhanced spectra of an unvoiced frame
using SCDL and DCDL based approaches.

is evaluated in terms of various speech quality measures and the
results of the same are given in Table 1. It is noted that with
the proposed modification in gain adjustment, the overall qual-
ity of the bandwidth enhanced speech is significantly improved,
perticularly in unvoiced case. To highlight the same, we have
compared the enhanced spectra of the UV frames with the mod-
ified gain adjustment and default gain adjustment and the same
are shown in Fig. 3.

Further, the effectiveness of the explored SCDL-based
ABWE approach with the modified gain adjustment technique
is also evaluated and the results are listed in the Table 1. This
approach results in significant improvement in LSD and LLR,
although a slight degradation is noted for segSNR compared to
DCDL approach. Note that PESQ measure turned out to be
more or less same for all the cases. From the figure, it is evi-
dent that, by the SCDL approach with the modified amplitude
scaling, a significant improvement in bandwidth enhancement
is achieved.

5. Evaluation of bandwidth enhanced
speech for ASR

It is well known that the acoustic attributes between adults’
and children’s speech differ significantly [9, 10]. As the re-
sult, a high degradation in the recognition performance is
noted when the children’s speech recognition is performed over
adults’ speech trained ASR systems, compared to that of chil-
dren speech trained ASR systems. Further, instead of WB
speech data, when NB speech data is used for developing the
ASR systems, the recognition performances for both adults’
and children’s undergo significant degradation. Also, the ex-
tent of degradation is larger for the recognition under children’s
mismatched condition, i.e., recognition of children speech data
w.r.t., the adults’ speech trained acoustic models. The reason
behind this behavior is significant loss of the highband spectral
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Table 2: The ASR performance for different SR-ABWE methods. In
this study, separate ASR systems are developed on adults’ speech data
and tested for children’s speech recognition in varying test and training
data conditions.

Test data condition ASR system WER
trained on
NB NB 51.02
WB WB 36.68
NBI WB 59.36
AWBE (DCDL + existing G) WB 48.10
AWBE (DCDL + modified G) WB 47.46
ABWE (SCDL + modified G) WB 46.41

information with reduction in the bandwidth of speech for chil-
dren’s speech unlike adults’ speech. The effectiveness of the
SR-ABWE approach using SCDL algorithm and the modified
gain adjustment technique explored in this work seems to be en-
couraging in the speech domain. So, 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. For this purpose, a conventional context-dependent
hidden Markov model (CD-HMM) based ASR system is devel-
oped using the HTK toolkit [11]. The adults’ (male and female)
speech data from WSJCAMO [12] speech corpus is used to train
the ASR system parameters in mismatched condition.

The ASR systems in this work are modeled by following
the procedure described in the earlier work [13]. The speech
analysis is carried out using a Hamming window of length 25
ms, a pre-emphasis factor of 0.97 and frame rate of 100 Hz.
The 13-dimensional MFCC base feature vector is computed us-
ing a 21-channel mel-filterbank. The first and the second-order
derivatives computed over a span of 5 frames are appended to
the MFCC base features. Thus, resulting in a 39-dimensional
feature vector that is used for the ASR modeling. Also, the cep-
stral mean subtraction is performed to all the MFCC features
during the training and the testing phase. The feature extraction
is performed using the HTK toolkit.

The ASR performances for the default and the proposed
approaches are measured and noted in Table 2. It has been
observed that the SCDL-based ABWE approach with modi-
fied gain adjustment technique results in improved ASR per-
formance when compared to the other approaches.

6. Conclusion

In this work, we have explored SCDL-based ABWE technique.
Also, a slight modification for the existing gain adjustment tech-
nique for ABWE task has been proposed. The SCDL algo-
rithm jointly optimizes the coupled dictionaries and the map-
ping function resulting in proper coupling between the two
spaces, particularly for the unvoiced speech. The speech qual-
ity performance measures for the explored SCDL-based ABWE
approach have been calculated and found to result in signifi-
cant improvements compared to that of DCDL-based ABWE
approach. Also, the bandwidth enhanced speech files are eval-
uated in context of children’s mismatched speech recognition.
The SCDL-based enhanced files results in improved ASR per-
formance compared to that or DCDL-based enhanced files.
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