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Abstract
In low resource children automatic speech recognition (ASR) the performance is degraded due to limited acoustic and 
speaker variability available in small datasets. In this paper, we propose a spectral warping based data augmentation method 
to capture more acoustic and speaker variability. This is carried out by warping the linear prediction (LP) spectra computed 
from speech data. The warped LP spectra computed in a frame-based manner are used with the corresponding LP residuals 
to synthesize speech to capture more variability. The proposed augmentation method is shown to improve the ASR system 
performance over the baseline system. We have compared the proposed method with four well-known data augmentation 
methods: pitch scaling, speaking rate, SpecAug and vocal tract length perturbation (VTLP), and found that the proposed 
method performs the best. Further, we have combined the proposed method with these existing data augmentation methods 
to improve the ASR system performance even more. The combined system consisting of the original data, VTLP, SpecAug 
and the proposed spectral warping method gave the best performance by a relative word error rate reduction of 32.13% and 
10.51% over the baseline system for Punjabi children and TLT-school corpus, respectively. The proposed spectral warping 
method is publicly available at https:// github. com/ katha nia/ Spect ral- Warpi ng.
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1 Introduction

The growing trend of internet use and service digitization 
demands speech based applications for entertainment, games 
and education for children as well as adults. In the development 

of voice user interfaces, the lack of data resources poses a seri-
ous concern for automatic speech recognition (ASR) technol-
ogies. This low resource issue typically concerns transcribed 
speech data and linguistic knowledge, because a successful 
ASR engine typically requires thousands of hours of train-
ing data to sufficiently cover the large variability in acoustics, 
vocabulary and speaking style [1].

For developing ASR systems, many Indian languages face 
the challenge of data scarcity. While various approaches are 
employed to handle data scarcity issues [2], many of these 
approaches fail because of the small number of speakers in the 
training data. To better address the data scarcity, data augmen-
tation can be employed to multiply the original data using, for 
example, generative adversarial networks (GAN) and text-to-
speech (TTS) [3–6], or through external or internal augmenta-
tion on various acoustic methods [7, 31]. Such augmentations 
are only successful either through real time resource collection 
or by production of data which is similar to natural speech [8]. 
Other common approaches for data augmentation are prosody 
modification and speed/volume perturbation [2, 9–11]. Apart 
from these, in [12] spectral augmentation was used directly on 
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Mel frequency cepstral coefficient (MFCC) features and filter 
bank features to improve ASR performance.

For building children ASR, it is particularly difficult to 
cover the larger acoustic and linguistic variation due to the 
limited availability of training data [13–15]. Previous stud-
ies have shown that large variations in formant frequencies, 
fundamental frequency and spectral variability degrades the 
recognition performance. In order to address these, the focus 
has been on age dependent acoustic modeling and vocal tract 
length normalization (VTLN) [13, 16–19]. Few studies have 
been presented on adding spectral variation either by aug-
mentation or through complete replacement of the original 
data [7, 12, 18, 20]. Recently, spectral warping has been pre-
sented in mismatched data condition where the ASR models 
are trained with adults and tested with children speech data 
[7]. In a custom way, the method was shown to improve 
ASR performance in mismatched data conditions, but its 
effectiveness has not yet been investigated on low resource 
languages. Now, in this study we investigate the effective-
ness of the spectral warping based data augmentation in low 
resource children ASR.

In this paper, we collected a corpus of children’s speech 
data for the Indian Punjabi language. Because of the lim-
ited amount of training data, the baseline TDNN-based ASR 
results were poor. To address the data scarcity and also to 
capture more acoustic and speaker variability from speech 
production point of view (among children of different ages), 
we proposed a spectral warping based data augmentation 
method. We compared our proposed method with four well-
known existing methods: pitch scaling [9, 10], speaking rate 
[9, 10], SpecAug [12] and VTLP [21] based data augmenta-
tions and found that the proposed method performs the best.

The main highlights of this study are as follows: 

1. Proposed a simple and efficient spectral warping based 
data augmentation for improving the performance of 
children ASR in low resource conditions.

2. Systematic investigation involving two speech databases: 
Punjabi language data (collected in this study in India) 
and TLT-school data (non-native children corpus [22]).

3. Systematic comparison between the proposed spectral 
warping based data augmentation and four well-known 
existing data augmentation methods (pitch scaling, 
speaking rate modification, SpecAug and VTLP).

4. Investigation of complementary information among the 
data augmentations by various combinations of the pro-
posed and the existing data augmentation methods.

2  Databases Used

Two low resource children speech databases were used: Punjabi 
language and TLT-school non-native English [22].

2.1  Punjabi Language Children Speech Database

This corpus has been collected in this study from native speak-
ers (Punjabi language) of Punjab state of India. The corpus was 
built by reading aloud Punjab School Education board books. 
The corpus consists of speech data of school students in the 
age group of 7-14 years. The database was collected from 79 
speakers (35 male and 44 female). The data was divided into 
train and test parts using the 80:20 ratio. The database details 
are given in Table 1. The collected speech varied with respect 
to different prosody parameters such as speaking rate, and pitch. 
Speakers up to 10 years spoke long sentences by concatenating 
or leaving a short gap between two successive sentences, while 
speakers above 10 years read aloud fluently. The entire corpus 
was collected under a controlled clean acoustic environment 
through mobile device. The sampling frequency of the collected 
data is 16 kHz.

2.2  TLT‑school Non‑native Children Speech 
Database

To check the robustness of the proposed data augmentation, 
we also experimented with the TLT-school non-native chil-
dren speech database [22]. The database contains 49.20 hours 
of speech from 3112 speakers for training, and 2.20 hours 
of speech from 84 speakers for testing. The age range of the 
TLT-school speakers varies from 9 to 16 years. The details of 
the database are given in Table 1.

3  Baseline ASR System

We used a Kaldi toolkit recipe (https:// github. com/ kaldi- asr/ 
kaldi) to train the baseline ASR system [23]. MFCC features 
were computed with a Hamming window of 20 ms through 
a frame shift of 10 ms. This front-end employed a Mel-filter 
bank of 40 channels which finally produced 13-dimension 
static feature vectors. These features were further time spliced 
with ± 4 frames in left and right of the current frame which 
results into a 117-dimension feature vector for each frame. 

Table 1  Details of the Punjabi children speech database and TLT-school 
non-native children speech database.

Data Training Testing

Punjabi No. of speakers 63 16
Speaker age 7-14 years 7-14 years
Duration (hrs.) 12.20 2.50

TLT-School No. of speakers 3112 84
Speaker age 9-16 years 9-16 years
Duration (hrs.) 40.20 2.20
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This larger dimension of features was later reduced by linear 
discriminant analysis (LDA) along with Maximum likelihood 
linear regression (MLLR) to generate 40-dimension vectors. 
Further, these vectors were decorrelated using Cepstral mean 
and variance normalization (CMVN) and speaker variability 
issues were reduced using Feature space maximum likelihood 
linear regression (fMLLR). The acoustic models were built 
on these vectors using hidden Markov models (HMMs) with 
deep neural network (DNN) output observation probabilities.

Initially, experiments were performed using the DNN-
HMM based hybrid acoustic model. This approach leaves 
the sequence modelling for HMM and focuses on the good 
representation power of DNN in the short acoustic contexts. 
Consequently, a limited number of hidden layers were var-
ied in the original system to find the best architecture for 
the remaining experiments. The system gave the best results 
with tanh function by employing 3 layers and each hidden 
layer consists of 512 units. The initial learning rate was kept 
as small as 0.005 and the final learning rate was 0.0005. 
Apart from the DNN, a time delay neural network (TDNN) 
[24] acoustic model was also investigated which tries to 
model sequences also with the feed-forward architecture. 
The first layer of the TDNN architecture processes only a 
narrow context of the input and the next layers concatenate 
the outputs of the hidden activations to cover a wider time 
window. The target is to efficiently learn wider temporal 
relationships. We also used i-vectors [25] for TDNN. To 
decode the test set, a domain specific language model (LM) 
was built. This LM was trained on all transcripts of the train 
utterances. Baseline word error rate (WERs) for DNN and 
TDNN-based systems are given in Table 2 for two databases. 
WER is the most popular metric used for ASR system evalu-
ation. It measures the percentage of incorrect words. It is 
defined as:

Where S = Total number of substitutions, D = Total number 
of deletions, and I = Total number of Insertions. From the 
results in table, it can be observed that the TDNN system 
clearly outperforms the DNN system for both the databases. 
Hence, further experiments in this study are carried out with 
the TDNN-based acoustic model.

(1)WER =
S + D + I

N
.

4  Spectral Warping Based Data 
Augmentation

To increase the spectral variability, the spectral structure of the 
children’s speech data is modified using the spectral warping 
approach. This is carried out using the spectrum obtained with 
linear prediction (LP) method. It is expected that modifying 
the features derived from the warped spectrum of the speech 
signal provides useful spectral variability to improve the ASR 
performance.

The warping of the LP spectrum (denoted by X�(f ) ) is car-
ried out from the original LP spectrum (denoted by X(f)) com-
puted from children’s speech using a warping function V�(f ) . 
Here � is the warping factor.

According to the traditional LP method, an estimate of the 
current speech sample x(n) can be obtained as a linear combi-
nation of past K speech samples, which is given by:

The Z-transform of Eq. (2) is obtained as:

Here X(z) and X̂(z) denote the Z-transforms of the prediction 
signal x̂(n) and the speech signal x(n), respectively. The LP coef-
ficients are denoted by ak and z−k denote the k-unit delay filters.

The warping to the LP spectrum is applied by replacing the 
unit delay filters with a first order all-pass filter A(z). The first 
order filter is given by [26–28]:

The range of the warping factor is: −1 < 𝛽 < 1 . With the warp-
ing function A(z) on the LP coefficients ak , the spectral structure 
of the LP spectra can be shifted systematically. The positive val-
ues of � shift the entire spectrum towards lower frequencies, i.e., 
the left side, and on the other hand the negative � values shift the 
entire spectrum towards higher frequencies, i.e., the right side. 
This is illustrated with the LP spectrum for a segment of voiced 
speech in Fig. 1, where the red curve shows the original LP spec-
trum, the blue curve shows the warped LP spectrum for � = 0.1 , 
and the green curve shows the warped LP spectrum for � = −0.1.

The spectral warped speech signal is derived using the 
warped LP coefficients, ak , with the residual ( x(n) − x̂(n) ) 
using a classical LP synthesizer [29]. The synthesized speech 
signal with the proposed approach is referred to as the spec-
tral warped (SW) speech signal in the present study. This 
spectral warped speech signal is used for data augmentation.

X�(f ) = X(V�(f )).

(2)x̂(n) =

K
∑

k=1

akx(n − k).

(3)X̂(z) =

(

K
∑

k=1

akz
−k

)

X(z).

(4)A(z) =
z−1 − �

1 − �z−1
.

Table 2  Baseline WERs obtained on DNN and TDNN-based ASR sys-
tem for Punjabi and TLT-School databases.

System Type WER (%)

Punjabi TLT-School

DNN 12.73 25.43
TDNN 9.18 20.26
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To overcome the issue of data scarcity that affects the 
ASR performance, we used the proposed data augmentation 
method to create spectral warped (SW) data and merged that 
with the original data to create the augmented training data as 
shown in Fig. 2. Spectral warping was performed by tweaking 
its tunable parameter ( � ) from −0.1 to 0.1 with a step size of 
0.05. We used the augmented data for system training using 
different spectral warping parameter � on train set and the 
results are given in Table 3 for both the databases. From the 
table, it can be observed that the lowest WER was obtained 
for � = −0.05 , and it gave a relative improvement of 9% for 
Punjabi and 3% for TLT-school over the TDNN baseline sys-
tem. In the remaining experiments, � = −0.05 is used. Cross-
validation was not used as test data is so small.

5  Comparison with Well‑known Data 
Augmentation Methods

To test the effectiveness of the proposed spectral warping (SW) 
based data augmentation over the existing data augmentation 
methods, this section gives the performance comparison of 
ASR systems on Punjabi and TLT-School databases. Four 

well-known and popular data augmentation methods are 
considered for this purpose. They are: pitch scaling [9, 10], 
speaking rate modification [9, 10], SpecAug [12] and VTLP 
[21], which have been shown to improve the performance of 
ASR systems. Prosodic parameters such as pitch and speak-
ing rate were varied to leverage prosodic variation in the data. 
In this study, pitch scaling (PS) and speaking rate (SR) are 
modified with Time Scale Modification (TSM) using the 
Real-Time Iterative Spectrogram Inversion with Look-Ahead 
(RTISI-LA) algorithm [9, 10, 30]. This algorithm constructs 
a high-quality time-domain speech signal from its short-time 
magnitude spectrum. Both the parameters (PS and SR) are 
tunable and the best value was searched by varying them from 
0.65–1.45 in PS and 0.65–1.85 in SR, with a step size of 0.1. 
The best value for pitch was found to be 0.85 and for speaking 
rate was 1.15, and these values are utilized for further investi-
gation of the ASR performance. In SpecAug data augmenta-
tion, spectrogram is modified by removing time and frequency 
information randomly [12]. In VTLP, warping factor value of 
0.90 and 1.10 for each utterance were varied to leverage vocal 
tract length variation in the data [21]. We then augment the 
modified data with each of the method to the original data to 
train an ASR system. The results (WERs and relative improve-
ments) obtained for proposed data augmentation (SW) and 
existing methods such as, PS, SR, SpecAug and VTLP are 

Figure 1  An illustration of LP spectrum (red curve) for a segment of 
voiced speech. The warped LP spectrum for � = 0.1 , and � = −0.1 
are shown in blue and green curves.

Figure 2  Block diagram of the proposed spectral warping augmenta-
tion process.

Table 3  WERs (and relative improvement over baseline) obtained on 
spectral warping (SW) based data augmentation for Punjabi and TLT-
School databases

Bold numbers indicates the best WER

System Type WER (%) Relative Imp. (%)

Punjabi TLT-School Punjabi TLT-School

Original (O) 9.18 20.26 – –
O+SW(+0.1) 8.83 20.12 3.81 0.69
O+SW(+0.05) 8.67 19.98 5.55 1.38
O+SW(-0.05) 8.34 19.73 9.15 2.61
O+SW(-0.1) 8.39 19.86 8.60 1.97

Table 4  Performance comparison (WERs and relative improvement 
over baseline) of proposed (SW) data augmentation with well-known 
data augmentation methods for Punjabi and TLT-school databases

Bold numbers indicates the best WER

System Type WER (%) Relative Imp. (%)

Punjabi TLT-school Punjabi TLT-school

Original (O) 9.18 20.26 – –
+ Pitch (PS) 8.98 19.98 2.17 1.36
+ Speaking rate (SR) 9.06 20.05 1.30 1.03
+ SpecAug 8.47 19.84 7.73 2.07
+ VTLP 8.53 19.89 7.08 1.82
+ Spectral warping 

(SW)
8.34 19.73 9.15 2.61
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given in Table 4. From the table, it can be observed that all the 
data augmentation methods improved the system performance 
over the baseline. Among the existing methods, SpecAug and 
VTLP gave a larger improvement than PS and SR. Overall, the 
proposed SW method gave a larger relative improvement than 
any of the four existing data augmentation methods.

6  Combining Spectral Warping and Existing 
Data Augmentation Methods

To further capture more acoustic and speaker variability, 
and to enhance the system performance for low resource 
data, we combined the proposed spectral warping based 
data augmentation with the PS, SR, SpecAug, and VTLP 
based data augmentations. These experiments show the 
effectiveness and complementary nature of the proposed 
SW method with the existing data augmentation methods. 
First, experiments are carried out with the combination of 
the proposed (SW) method and each one of the existing data 
augmentation method (PS, SR, SpecAug or VTLP) along 

with original (O) data, to train ASR systems. The experi-
ments are: O+SW+PS, O+SW+SR, O+SW+SpecAug, and 
O+SW+VTLP. The results (WERs and relative improve-
ments) of the experiments are given in Table 5. From the 
table, it can be observed that all the combinations improved 
the system performance over the baseline, indicating the 
complementary nature of the proposed (SW) method with 
each of the existing data augmentation method. Among the 
combinations, O+SW+SR gave a smaller improvement 
compared to the other three combinations. Hence in later 
combination experiments, SR is not considered.

As the results in Table 5 indicated that proposed SW 
method has complementary information with existing 
methods, further experiments are carried out by combining 
multiple data augmentations which include the proposed 
SW method along with original data to train ASR systems. 
The combined experiments are: O+SW+PS+SpecAug, 
O+SW+PS+VTLP, O+SW+SpecAug+VTLP, and 
O+SW+PS+SpecAug+VTLP. The results (WERs and rela-
tive improvements) of the combined experiments are given 
in Table 6. From the table, it can be observed that all the 
combinations improved the system performance over the 
baseline, indicating the complementary nature of the pro-
posed (SW) method with the combinations of the existing 
data augmentation methods. Among the combinations, 
O+SW+SpecAug+VTLP gave a better performance com-
pared to the other three combinations. This best system gave 
a relative improvement of 32.13% and 10.51% compared to 
baseline system for the Punjabi and TLT school databases, 
respectively. We have also conducted a statistical signifi-
cance test for the best model (O+SW+SpecAug+VTLP) and 
noticed that the signed pair comparison found significant 
difference between the baseline system and best combined 
system at level p < 0.01.

Table 5  WERs (and relative improvement over baseline) obtained on data 
augmentation combinations: O+SW+PS, O+SW+SR, O+SW+SpecAug, 
and O+SW+VTLP for Punjabi and TLT-School databases.

System Type WER (%) Relative Imp. (%)

Punjabi TLT-school Punjabi TLT-school

Baseline 9.18 20.26 – –
O+SW+PS 6.63 19.06 27.77 5.92
O+SW+SR 8.32 19.37 9.36 4.63
O+SW+SpecAug 6.54 18.87 28.78 6.86
O+SW+VTLP 6.96 18.74 24.18 7.50

Table 6  WERs (and relative 
improvement over baseline) 
obtained on combination 
of O+SW+PS+SpecAug, 
O+SW+PS+VTLP, 
O+SW+SpecAug+VTLP, and 
O+SW+PS+SpecAug+VTLP 
for Punjabi and TLT-School 
databases

Bold numbers indicates the best WER

System Type WER (%) Relative Imp. (%)

Punjabi TLT-school Punjabi TLT-school

Baseline 9.18 20.26 – –
O+SW+PS+SpecAug 6.46 18.53 29.62 8.53
O+SW+PS+VTLP 6.31 18.46 31.26 8.88
O+SW+SpecAug+VTLP 6.23 18.13 32.13 10.51
O+SW+PS+SpecAug+VTLP 6.39 18.32 30.39 9.57
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7  Conclusion

In this paper, a spectral warping (SW) based data augmenta-
tion method was proposed to improve the ASR performance 
in low resource children speech databases. The effective-
ness of the proposed SW method was investigated on two 
databases (Punjabi and TLT-School), and it was shown 
to improve the ASR performance (reduction in WER) as 
compared to the four existing data augmentation methods 
(PS, SR, SpecAug and VTLP). Further, complementary 
information among the data augmentations was found from 
the experiments on combination of the proposed (SW) and 
the existing data augmentation methods. The best system 
(O+SW+SpecAug+VTLP) gave a relative improvement of 
32.13% and 10.51% compared to the baseline system for the 
Punjabi and TLT school databases, respectively. Note that 
the proposed spectral warping based data augmentation is 
a simple and efficient signal processing method and it is 
not dependent on database. Hence it can be used for other 
language databases as well to improve the performance of 
ASR systems.
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