
This is an electronic reprint of the original article.
This reprint may differ from the original in pagination and typographic detail.

Powered by TCPDF (www.tcpdf.org)

This material is protected by copyright and other intellectual property rights, and duplication or sale of all or 
part of any of the repository collections is not permitted, except that material may be duplicated by you for 
your research use or educational purposes in electronic or print form. You must obtain permission for any 
other use. Electronic or print copies may not be offered, whether for sale or otherwise to anyone who is not 
an authorised user.

Kathania, Hemant; Kadiri, Sudarsana; Alku, Paavo; Kurimo, Mikko
A Formant Modification Method for Improved ASR of Children’s Speech

Published in:
Speech Communication

DOI:
10.1016/j.specom.2021.11.003

Published: 01/01/2022

Document Version
Publisher's PDF, also known as Version of record

Published under the following license:
CC BY

Please cite the original version:
Kathania, H., Kadiri, S., Alku, P., & Kurimo, M. (2022). A Formant Modication Method for Improved ASR of
Children’s Speech. Speech Communication, 136, 98-106. https://doi.org/10.1016/j.specom.2021.11.003

https://doi.org/10.1016/j.specom.2021.11.003
https://doi.org/10.1016/j.specom.2021.11.003


Speech Communication 136 (2022) 98–106

A
0

Contents lists available at ScienceDirect

Speech Communication

journal homepage: www.elsevier.com/locate/specom

A formant modification method for improved ASR of children’s speech
Hemant Kumar Kathania a,b,∗, Sudarsana Reddy Kadiri a,∗∗, Paavo Alku a, Mikko Kurimo a

a Department of Signal Processing and Acoustics, Aalto University, 02150, Finland
b Department of Electronics and Communication Engineering, National Institute of Technology Sikkim, 737139, India

A R T I C L E I N F O

Keywords:
Children’s speech recognition
Formant modification
Noise
DNN
TDNN

A B S T R A C T

Differences in acoustic characteristics between children’s and adults’ speech degrade performance of automatic
speech recognition systems when systems trained using adults’ speech are used to recognize children’s speech.
This performance degradation is due to the acoustic mismatch between training and testing. One of the main
sources of the acoustic mismatch is the difference in vocal tract resonances (formant frequencies) between
adult and child speakers. The present study aims to reduce the mismatch in formant frequencies by modifying
formants of children’s speech to better correspond to formants of adults’ speech. This is carried out by warping
the linear prediction (LP) spectrum computed from children’s speech. The warped LP spectra computed in a
frame-based manner from children’s speech are used with the corresponding LP residuals to synthesize speech
whose formant structure is closer to that of adults’ speech. When used in testing of an ASR system trained using
adults’ speech, the warping reduces the spectral mismatch in speech between training and testing and improves
the system performance in recognition of children’s speech. Experiments were conducted using narrowband (8
kHz) and wideband (16 kHz) speech of adult and child speakers from the WSJCAM0 and PF_STAR databases,
respectively, and by recognizing children’s speech using acoustic models trained with adults’ speech. The
proposed method gave relative improvements of 24% and 11% for the DNN and TDNN acoustic models,
respectively, for narrowband speech. For wideband speech, the technique gave relative improvements of 27%
and 13% for the DNN and TDNN acoustic models, respectively. The performance of the proposed method was
also compared to two speaker adaptation methods: vocal tract length normalization (VTLN) and speaking rate
adaptation (SRA). This comparison showed the best recognition performance for the proposed method. We
also combined the proposed method with VTLN and SRA, and found that the combined method gave a further
reduction in WER. Moreover, our experiments carried out for noisy speech using various types of additive
noise and signal-to-noise ratios showed that the proposed method performs well also for degraded speech.
1. Introduction

Automatic recognition of children’s speech has many potential ap-
plications in education, games and entertainment. In these applications,
the performance of the deployed automatic speech recognition (ASR)
system is affected by several factors. It is well known that the acoustic
and linguistic characteristics of children’s speech are greatly different
from those of adults’ speech and this degrades ASR of children’s speech
under mismatch conditions (Potamianos and Narayanan, 2003; Cosi,
2009; Narayanan and Potamianos, 2002; Yeung and Alwan, 2018).
Mismatch conditions correspond to training the system with adults’
speech and testing it with children’s speech. Most ASR systems avail-
able publicly work well with adults’ speech but in the case of children’s
speech their performance collapses (Schalkwyk et al., 2010; Shivaku-
mar and Georgiou, 2020; Kennedy et al., 2017). The major reason
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of this performance degradation is the difference between adult and
child vocal tracts (Lee et al., 1999; Narayanan and Potamianos, 2002).
Another important issue affecting ASR of children’s speech is the lim-
ited amount of publicly available speech data recorded from child
speakers (Claus et al., 2013; Fainberg et al., 2016). For adults’ speech,
there are databases including more than 1000 h of training data to
train ASR systems (Panayotov et al., 2015; Battenberg et al., 2017).
However, available databases for children’s speech include only a few
hours of speech even for major languages such as English (Panayotov
et al., 2015; Claus et al., 2013). Due to the strong effect of the mismatch
conditions described above on ASR performance and due to the lack
of training data from child speakers, there is need for methods which
reduce the acoustic mismatch between adults’ and children’s speech.
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In the context of children’s speech-induced mismatch in ASR, the
effect of feature learning using a convolutional neural network-based
end-to-end acoustic modeling approach was studied in Dubagunta et al.
(2019) and the method was shown to give a reduction in WER. Princi-
pal component analysis and heteroscedastic linear discriminant analysis
based on a low-rank feature projection was explored in Shahnawazud-
din et al. (2018) and an improvement in performance was reported.
The effect of the filter bank in ASR of children’s speech was studied
in Kathania et al. (2019) and it was found that the linear-frequency
filter bank performed better compared to the mel and inverse-mel filter
banks. The effect of acoustic and linguistic differences between adults’
and children’s speech has been investigated widely (Shahnawazuddin
et al., 2015; Kathania et al., 2014; Shivakumar and Georgiou, 2020;
Yadav et al., 2018; Shahnawazuddin et al., 2016; Kathania et al., 2018)
and it has been observed that the degradation in performance is mainly
due to large differences in both the acoustic and linguistic correlates
between speech signals of adults and children. In Kathania et al. (2018),
prosodic features like loudness, intensity and voice probability were
studied and it was found that combining prosodic features with mel-
frequency cepstral coefficients (MFCCs) gave a reduction in WER.
Prosodic modifications in pitch and speaking rate were explored in Ah-
mad et al. (2017), Kathania et al. (2018), Shahnawazuddin et al. (2017)
and Kathania et al. (2018) to tackle the effect of the mismatch be-
tween training and testing. Data augmentation using prosody (pitch and
speaking rate) modification based on modifying glottal closure instants
was studied in Shahnawazuddin et al. (2020) and an improvement in
WER was reported. In Fainberg et al. (2016), data augmentation using
stochastic feature mapping to transform out-of-domain adult speech
data was explored to improve the system performance for children’s
speech.

Changes in formant frequencies as a function of age have been
explored in many studies (Lee et al., 1999; Huber et al., 1999; Scukanec
et al., 1991; Yildirim et al., 2003). Formant frequencies of children’s
speech have been found to be higher compared to adults’ speech (Lee
et al., 1999; Scukanec et al., 1991). This is due to the fact that the
length of the vocal tract is inversely proportional to formant frequen-
cies: when the vocal tract length increases, the formant frequencies
decrease and vice-versa. The range and magnitude of change in formant
frequencies are smaller between older age groups than younger ones.

In this paper, we study the modification of formants to improve
recognition of children’s speech using an ASR system trained with
adults’ speech. A linear prediction (LP) -based technique is proposed
to warp all-pole spectra of children’s speech to have formants similar
to adults’ speech. The warped LP filter is excited with a LP residual
to synthesize a formant-modified speech signal which is used to derive
MFCC features in testing the ASR system. A preliminary investigation
of the formant modification method was published in Kathania et al.
(2020). The present study is a sequel to Kathania et al. (2020) extending
this previous work of ours in many respects. The topics studied in
the current investigation and their justifications are as follows. First,
recognition of children’s speech is compared between three acoustic
models (GMM, DNN and TDNN). In our preliminary study (Kathania
et al., 2020), only GMM and DNN were used. By taking advantage
of the more effective TDNN acoustic model (Hinton et al., 2012;
Peddinti et al., 2015), the current study aims to further improve the
recognition performance of children’s speech reported in Kathania et al.
(2020). Second, as formants of children’s speech are generally higher
compared to those in adult speech, some of the higher formants in
children’s speech (particularly the third formant) might be outside the
audio bandwidth of narrowband speech. Since this does not happen for
wideband speech of children (or for narrowband adult speech), it was
considered justified to study the proposed formant modification method
in ASR of children’s speech using two signal bandwidths (narrowband,
sampled at 8 kHz, and wideband, sampled at 16 kHz). Third, in order
to compare the proposed LP-based formant modification method with
99

techniques previously used in ASR in similar children’s speech-induced
Table 1
List of abbreviations.

ASR Automatic speech recognition
DNN Deep neural network
fMLLR Feature-space maximum likelihood linear regression
GMM Gaussian mixture mode
HMM Hidden Markov model
LDA Linear discriminant analysis
LM Language model
LP Linear prediction
MFCCs Mel-frequency cepstral coefficients
MLLT Maximum likelihood linear transform
SAT Speaker adaptive training
SNR Signal-to-noise ratio
SRA Speaking rate adaptation
TDNN Time delay neural network
VTLN Vocal tract length normalization
WER Word error rate

mismatch scenarios, two existing techniques (VTLN Claes et al., 1998;
Serizel and Giuliani, 2014; Kathania et al., 2013 and SRA Kathania
et al., 2018; Zhu et al., 2007) are used as reference methods. Finally,
since children’s speech signals often contain background noise, it is
justified to conduct ASR experiments not only in clean conditions but
also for noise-corrupted children’s speech. Therefore, we investigated
as the final topic how the proposed method is affected in recogni-
tion of narrowband and wideband speech corrupted by various types
of additive background noise of different signal-to-noise ratio (SNR)
values.

The abbreviations used in the study are described in Table 1.

2. Formant modification method

The modification of the formant structure of children’s speech is
carried out by warping the LP spectrum. The warped LP spectrum
(denoted by 𝑆𝛼(𝑓 )) is obtained by modifying the original LP spectrum
denoted by 𝑆(𝑓 )) computed from children’s speech using warping

function 𝑤𝛼(𝑓 ), where 𝛼 is the warping factor:

𝑆𝛼(𝑓 ) = 𝑆(𝑤𝛼(𝑓 )). (1)

In conventional LP analysis, an estimate of the present speech
sample 𝑠(𝑛) is obtained as a linear combination of the past 𝑃 samples
as follows:

̂(𝑛) =
𝑃
∑

𝑘=1
𝑎𝑘𝑠(𝑛 − 𝑘). (2)

By Z-transforming Eq. (2), the following equation is obtained

�̂�(𝑧) =

( 𝑃
∑

𝑘=1
𝑎𝑘𝑧

−𝑘

)

𝑆(𝑧), (3)

where 𝑧−1 denotes the unit delay filter, �̂�(𝑧) and S(z) denote the Z-
ransforms of the prediction and speech signal, respectively, and 𝑎𝑘
re the LP coefficients. In order to warp the LP spectrum, the unit
elay filters are replaced by an all-pass filter D(z). The warping of the
requency scale is carried out using a first order filter (Strube, 1980;
aine et al., 1994) given by

(𝑧) = 𝑧−1 − 𝛼
1 − 𝛼𝑧−1

. (4)

Here 𝛼 is the warping factor, whose value is in the range of −1 <
𝛼 < 1. The warped frequency scale matches the psychoacoustic fre-
quency scale with a proper selection of 𝛼 (Smith and Abel, 1999). By
taking advantage of the warping function D(z), the spectral resonances
(formants) of the LP spectrum can be shifted systematically. For the
positive values of 𝛼, the formant frequencies shift to lower frequencies.
The warped LP coefficients (𝑎′𝑘𝑠) can be used to filter the residual (s(n)

−�̂�(𝑛)) to synthesize the speech signal (Makhoul, 1975). The speech
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Fig. 1. A block diagram of the LP-based formant modification method.
signal synthesized in this manner is referred to as the 𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 speech
signal in the current study. This modified speech signal is used as an
input to the ASR system. The steps involved in the proposed method
are depicted in the block diagram shown in Fig. 1.

The effectiveness of the proposed formant modification method is
illustrated in Fig. 2 (for narrowband speech) and Fig. 3 (for wideband
speech) by showing LP spectra computed from vowel utterances spoken
by a child and adult speaker (blue and red curves, respectively) together
with the modified LP spectra of the child’s vowels (green curves)
computed by the proposed method. The examples were computed from
three vowels representing (according to the standard ARPAbet dictio-
nary) the phonemes /AA/, /OW/ and /AY/, which were taken from
reference words ‘‘party’’, ‘‘zero’’, and ‘‘my’’, respectively. The figures
demonstrate that the formants of the child speaker are higher compared
to those of the adult speaker. Most importantly, the spectra show that
the proposed LP-based warping method has moved the formants of the
child speaker to be closer to those of the adult speaker. Hence, it is
expected that the features derived from the speech signals synthesized
using the modified LP spectrum reduce the acoustic mismatch when an
ASR system is trained with adults’ speech and tested with children’s
speech. A few demonstration sounds, both with and without the for-
mant modification, have been made available for listening at Github:
https://github.com/kathania/Formant-Modification.

3. Speech data and experimental setup

Two British English speech corpora, WSJCAM0 (Robinson et al.,
1995) and PF_STAR (Batliner et al., 2005), were used in the exper-
iments. Both the WSJCAM0 corpus and the PF_STAR corpus contain
read speech. The former contains adults’ speech and it was used in the
current study as a source of training data. The training set of WSJCAM0
contains 15.5 h of speech from 92 speakers (39 females). The PF_STAR
corpus contains children’s speech. The training set of PF_STAR, which
was used for adaptation, consists of 8.3 h of speech from 122 speakers.
The test set of PF_STAR includes 1.1 h of speech from 60 speakers (28
females). The age of the child speakers in this corpus varies between
4 and 13 years. The number of speakers, the number of utterances
and their total duration in each age group of the test set of PF_STAR
are illustrated in Fig. 4. Furthermore, we also built a development set
of children’s speech for parameter tuning using the PF_STAR training
data. The development set of PF_STAR includes 2.1 h of speech from
63 speakers whose age varies between 6 and 14 years.

Performance of most current ASR systems is generally good for
wideband speech signals (Russell et al., 2007). However, speech com-
munication in daily life happens often in phone, which involves trans-
mitting the speech signal through narrowband telephone networks. The
performance of ASR systems typically degrades for telephone speech
due to its narrow bandwidth. The effect of the bandwidth limitation
is particularly severe for speech sounds such as fricatives and stops
which have prominent spectral components beyond the upper fre-
quency (i.e., 3.4 kHz) of the traditional narrowband. Most importantly,
the limitation of the frequency range may be particularly harmful for
children’s speech because of its higher formants. It is expected that
the absence of high-frequency components in narrowband speech of
children degrades the ASR performance for child speakers. Therefore,
ASR experiments were performed in the current study using both
narrowband (sampled at 8 kHz) and wideband speech (sampled at 16
kHz).
100
Fig. 2. LP spectra computed from three narrowband vowels (representing the
phonemes /AA/, /OW/ and /AY/) showing variation in formant frequencies. The red
and blue curves were computed from speech utterances of an adult and child speaker,
respectively. The green curves show spectra after applying the formant modification
method for the utterances of the child speaker. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

The Kaldi toolkit-based recipe was used to perform all the experi-
ments (Povey et al., 2011). Speech data was analyzed in overlapping
Hamming-windowed 20 ms frames with a frame-shift of 10 ms to
compute MFCC feature vectors. The 40-channel mel-filterbank was used
in the MFCC computation. For normalization, cepstral feature-space
maximum likelihood linear regression (fMLLR) was used. The fMLLR
transformations for the training and test data were generated using the
speaker adaptive training (Rath et al., 2013).

Three types of acoustic models were explored in the current study:
the Gaussian mixture model (GMM), deep neural network (DNN) and
time delay neural network (TDNN). The hidden Markov model (HMM)
was used to train the acoustic models. The observation probabilities for
the HMM states were generated using the GMM and DNN model (Dahl
et al., 2012). Cross-word triphone models consisting of a HMM with
eight diagonal covariance Gaussian components per state were used for
the GMM–HMM-based ASR system. Furthermore, decision tree-based
state tying was performed with the maximum number of tied states
(senones) being fixed at 2000. For learning the DNN–HMM-based ASR
system, the fMLLR-normalized feature vectors were time-spliced. The
number of hidden layers was set to eight with each layer consisting
of 1024 hidden nodes. The initial leaning rate for training the DNN–
HMM model was set to 0.015 which was reduced to 0.002 after 20

https://github.com/kathania/Formant-Modification
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Fig. 3. LP spectra computed from three wideband vowels (representing the phonemes
AA/, /OW/ and /AY/) showing variation in formant frequencies. The red and
lue curves were computed from speech utterances of an adult and child speaker,
espectively. The green curves show spectra after applying the formant modification
ethod for the utterances of the child speaker. (For interpretation of the references

o color in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. The number of speakers, the number of utterances and their duration as a
unction of the speaker age in the PF_STAR test set.

pochs and extra 10 epochs of training were employed. The minibatch
ize for neural network training was set to 512. The domain-specific
anguage model (LM) was used to decode the children’s speech test set.
his LM was trained on the transcripts of the speech data of PF_STAR
xcluding the test set. A portion of the data overlaps between the LM
raining and testing. A total of 1969 words included in the lexicon with
ronunciation variations was employed.

For the TDNN (Povey et al., 2018) acoustic model, the Kaldi toolkit-
ased setup was used. This setup utilizes MFCC features as input
101
Table 2
WERs of the baseline ASR system for the GMM and DNN acoustic models.

Acoustic Speech WER (%)

model bandwidth

GMM
Narrowband 44.65

Wideband 32.83

DNN
Narrowband 26.23

Wideband 19.58

to train TDNN-based acoustic models (Povey et al., 2018) on linear
discriminant analysis-maximum likelihood linear transform + speaker
adaptive training (LDA-MLLT+SAT) based GMM alignment labels. The
recipe also performs speaker adaptation of the acoustic model using
i-vectors (Saon et al., 2013). Training data was artificially increased
3-fold by time-warping the raw audio. The initial learning rate for
training TDNN was set to 0.0005 and finally reduced to 0.00005.
The speech recognition results are from two-pass decoding where the
first pass utilizes trigram LMs to generate lattices and the second pass
rescores the lattices by 4-gram LMs. The perplexity of the PF-STAR test
set is 86.5 using these 4-gram LMs.

4. Results

The performance of the baseline ASR system (i.e., the system trained
with adults’ speech and tested with children’s speech without using for-
mant modification) is reported in Table 2 both for the GMM and DNN
acoustic models and for narrowband and wideband speech. From the
reported WER values it can be concluded that recognition of children’s
speech with the baseline systems is poor in all the scenarios studied.
The general trend of the recognition results is sensible in showing the
best result for the DNN model in wideband speech and the worst result
for the GMM model in narrowband speech. To study the recognition
performance using the proposed formant modification method, WER
values are shown in Fig. 5 as a function of the parameter 𝛼 for the
development set of narrowband (upper panel) and wideband (lower
panel) speech. It can be seen from the graphs that for narrowband
speech the formant modification technique has improved the recog-
nition performance considerably both for the GMM and DNN models
and that the improvement is particularly large for the GMM model.
For wideband speech, the usage of the formant modification technique
has narrowed the gap between the WER values obtained using the
GMM model and those obtained using the DNN baseline at 𝛼 = 0.1.
In addition, the usage of the formant modification has improved the
recognition performance of the DNN model. To be used in the later
experiments, we selected the best 𝛼 value based on the WERs shown
in Fig. 5. The data shown in Fig. 5 indicates that the best recognition
performance was obtained both for narrowband and wideband speech
using 𝛼 = 0.1 and therefore this value was used in all the remaining
experiments of the study. Using this 𝛼 value for the proposed method,
further ASR experiments of children’s speech were conducted in the
following three topics: (1) studying recognition of children’s speech
with the proposed method in different age group, (2) comparing the
proposed method with two adaptation techniques (VTLN and SRA) and
(3) studying the effect of noise-corruption on the proposed method. In
the following, the experiments of these topics are reported separately
in sub-sections.

4.1. Age-wise experiments

In order to study the effect of the age of the child speakers on ASR
performance, the test data of children’s speech was divided into three
different sets based on the speaker’s age (4–6 years, 7–9 years, and
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Fig. 5. WERs as a function of the formant modification factor (𝛼) in recognition of
children’s speech from the development set of PF_STAR in narrowband (upper pane)
and wideband (lower pane). The baseline systems are shown by the dotted blue and
red lines for the GMM and DNN acoustic models, respectively. The solid blue and red
curves show the WERs obtained using the proposed method with the GMM and DNN
acoustic models, respectively. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Table 3
WERs for the age-wise grouped children’s speech test sets obtained by the baseline
system and the proposed method. The experiments were conducted using the DNN
acoustic model. Relative improvement of the proposed method compared to the baseline
is also reported.

Age group Speech WER (%) Relative

(in years) bandwidth Baseline Proposed improvement (%)

4–6
Narrowband 91.87 73.55 19.94

Wideband 69.83 49.33 29.35

7–9
Narrowband 29.38 17.26 41.25

Wideband 19.12 10.52 44.97

10–13
Narrowband 9.54 9.17 3.87

Wideband 11.49 10.44 9.13

10–13 years). The experiments were conducted only using the DNN
acoustic model due to its better performance compared to the GMM
model reported in Table 2. The results of the age-wise experiments
are reported in Table 3. It can be observed again that the recognition
performance is better for wideband speech compared to narrowband
speech. In addition, the results indicate that the proposed method
improves the results in all age groups compared to the baseline. It can
also be observed that the performance of the system is best for the
children in the oldest (10–13 years) age group compared to the two
other age groups. The relative improvement of the proposed method
compared to the baseline is largest in the middle (7–9 years) age group.

4.2. Comparison to VTLN and SRA

In this section, the proposed method is compared to two existing
methods, which have been used in recognition of children’s speech:
102

t

vocal tract length normalization (VTLN) (Claes et al., 1998; Serizel and
Giuliani, 2014; Kathania et al., 2013) and speaking rate adaptation
(SRA) (Zhu et al., 2007; Kathania et al., 2018). In addition, experiments
are conducted using the TDNN acoustic model in addition to the DNN
acoustic model which showed the best performance in the experiments
reported in Table 2. In the last few years, TDNN has become an effective
technique to model the observation densities of the HMM states in
comparison to GMM and DNN (Hinton et al., 2012; Peddinti et al.,
2015). The WER results of the comparison of the proposed method
with VTLN and SRA are reported in Table 4. It can be observed first
that the recognition performance improved both for narrowband and
wideband speech when the TDNN acoustic model was used instead of
the DNN acoustic model. Second, the data shows that both VTLN and
SRA improve the recognition performance compared to the baseline
corroborating findings reported in previous studies (Claes et al., 1998;
Kathania et al., 2013, 2018). Most importantly, the WER values shown
in Table 4 indicate that the proposed method gave a clear further
improvement in recognition performance compared to VTLN and SRA
and that the performance was best for the proposed method with both
of the two acoustic models and speech bandwidths.

Additional experiments were conducted by combining the proposed
method with the SRA and VTLN techniques. The following three com-
binations were studied: the combination of the proposed method and
VTLN (proposed + VTLN), the combination of the proposed method
and SRA (proposed + SRA), and the combination of the proposed
method with both VTLN and SRA (proposed + VTLN + SRA). The

ER results obtained using these combinations are reported in Table 5
oth for narrowband and wideband speech. The data shows that all
he combinations yielded better WER values than the proposed method
lone, which indicates that VTLN and SRA provide complementary
nformation to the proposed method. The best combination for nar-
owband speech was proposed + SRA + VTLN, which gave relative
mprovements of 30% and 22% compared to the baseline with the
NN and TDNN acoustic models, respectively. For wideband speech,

he corresponding relative improvements were slightly smaller (14%
nd 29% for the DNN and TDNN acoustic models, respectively).

As the final step in experimenting with VTLN and SRA, we com-
ared the best of the combined systems (i.e. proposed + VTLN + SRA)
ith a system which is adapted using children’s speech to study the

obustness of the combined system. For this purpose, we trained an i-
ector extractor (Saon et al., 2013) using wideband children’s speech.
he results of this experiment are reported in Table 6. From the table,

t can be observed that the model adaptation improved the system
erformance. However, the performance given by the combined system
n the corresponding case (i.e., using the TDNN acoustic model for
ideband speech, see Table 5) is still better (8.69%) compared to that
iven by the adapted model (10.64%) reported in Table 6.

In all the previously described experiments, the system was trained
sing a fairly small database of adult speech, the WSJCAM0 corpus,
hich contains 15.5 h of speech. We also conducted experiments using
much larger training database, the Librispeech corpus (https://www.
penslr.org/12). Librispeech is a widely used speech database in ASR
ontaining 1000 h of speech in US English by 2338 adult speakers
1128 females). The results of these experiments are reported in Ta-
le 7. From Table 7, it can be observed that the usage of Librispeech
id not improve the system performance compare to the WSJCAM0
atabase. This is most likely due to the dialect mismatch between the
raining and testing data (i.e. US English in Librispeech and British En-
lish in PF_STAR). However, Table 7 shows that the proposed method
mproved the system performance compared to the baseline also for
ibrispeech.

.3. Experiments with noise-corrupted speech

To study the robustness of the proposed method in noisy condi-

ions, the training and testing data were corrupted with four different

https://www.openslr.org/12
https://www.openslr.org/12
https://www.openslr.org/12
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Table 4
WERs obtained by the baseline system, by the VTLN and SRA techniques and by the proposed formant modification method. The experiments were conducted using the DNN and
TDNN acoustic models. Relative improvements compared to the baseline are reported for VTLN, SRA and the proposed method.

Acoustic Speech WER (%) Relative improvement (%)

model bandwidth Baseline VTLN SRA Proposed VTLN SRA Proposed

DNN
Narrowband 26.23 23.34 21.98 19.95 11.01 16.20 23.94

Wideband 19.58 15.17 16.68 14.22 22.52 14.81 27.37

TDNN
Narrowband 15.83 15.19 14.86 13.96 4.04 6.12 11.81

Wideband 14.16 13.84 13.18 12.30 2.25 6.92 13.13
Table 5
WERs obtained by the proposed formant modification method and by combining the proposed method with VTLN and SRA. The experiments were conducted using the DNN and
TDNN acoustic models. Relative improvements of the combined systems compared to the baseline are reported.

Acoustic Speech WER (%) Relative improvement (%)

model bandwidth Proposed Proposed Proposed Proposed Proposed Proposed Proposed

+ VTLN + SRA + VTLN + SRA + VTLN + SRA + VTLN + SRA

DNN
Narrowband 19.95 17.31 15.54 13.23 13.29 22.10 30.87

Wideband 14.22 13.57 13.26 12.29 4.57 6.75 13.57

TDNN
Narrowband 13.96 13.23 12.64 10.87 5.22 9.45 22.13

Wideband 12.30 11.54 9.22 8.69 6.17 25.04 29.34
Table 6
WERs obtained by the baseline system and by the adapted system based on i-vectors
trained using children’s speech. The experiments were conducted using the TDNN
acoustic model for wideband speech.

WER (%) Relative

Baseline Adapted improvement (%)

14.16 10.64 24.85

Table 7
WERs obtained using the TDNN acoustic model trained on wideband adults’ speech
from the Librispeech and WSJCAM0 databases, and tested using wideband children’s
speech from the PF_STAR database. WERs are shown for the baseline and the proposed
method for both training databases.

Training WER (%) Relative

database Baseline Proposed improvement (%)

Librispeech 23.93 22.33 6.68
WSJCAM0 14.16 12.30 13.13

types of noise (babble, white, factory and volvo noise) extracted from
the NOISEX-92 database (Varga and J.M.Steeneken, 1993). Noise was
added to the clean signals at two SNR levels (10 dB and 15 dB) both
for narrowband and wideband speech. The noise-corrupted test sets
were decoded using the DNN and TDNN acoustic models trained using
noisy speech. The obtained WER values are reported in Table 8 for the
DNN acoustic model and in Table 9 for the TDNN acoustic model. It
can be observed that the proposed method improved the recognition
performance compared to the baseline at both SNR levels and for all
four noise types both in narrowband and wideband speech. As already
reported in Section 4.2 for clean speech, the recognition performance
was again best when the proposed method was combined with the
VTLN and SRA techniques. We conducted recognition experiments also
with lower SNR values of 0 dB and 5 dB, but in these cases the proposed
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method was not able to show clear improvements compared to the
baseline due to the deteriorated performance of LP to model formants
when speech is severely distorted by noise.

5. Conclusion

Recognition of children’s speech using ASR systems trained with
adults’ speech is subject to acoustic mismatch which leads to poor
recognition performance. The main reason of the acoustic mismatch
is the difference in the vocal tract length between adult and child
speakers. This physiological difference results in largely distinct for-
mant frequency values in speech signals produced by adult and child
speakers. In order to tackle the effect of this acoustic mismatch in ASR,
the current study proposes using an LP-based formant modification
method to modify the formants of children’s speech in the system test
phase to be closer to those in adults’ speech in the system training
phase. The proposed method was used in ASR experiments by training
the acoustic model using adults’ speech from the WSJCAM0 database
and by testing the system performance using children’s speech from the
PF_STAR database by processing the children’s speech data with the
proposed formant modification method. The results showed that the
proposed method overcome the baseline (i.e., the ASR system where
no processing of children’s speech was adopted in testing) by a large
margin. For the DNN and TDNN acoustic models, the proposed method
gave relative WER improvements of 24% and 11%, respectively, for
narrowband speech. For wideband speech, the corresponding relative
improvements were 27% and 13%. We also compared the proposed
method with two techniques (VTLN and SRA) which have previously
been used in recognition of children’s speech to reduce the effect of
the acoustic mismatch between training and testing. Our experiments
indicated that the proposed method gave clearly better performance
compared to VTLN and SRA. The best performance in recognition of
children’s speech was achieved by combining the proposed method
with VTLN and SRA yielding relative improvements of 30% and 22%
compared to the baseline with the DNN and TDNN acoustic models,
respectively, for narrowband speech. For wideband speech, the cor-

responding relative improvements were 14% and 29%. Furthermore,
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Table 8
WERs obtained for noisy speech by the baseline system, by the proposed formant modification method and by combining the proposed method with VTLN and SRA. The experiments
were conducted using the DNN acoustic model. Relative improvements of the proposed method and the combined system compared to the baseline are reported.

Noise Speech SNR WER (%) Relative improvement (%)

type bandwidth (dB) Baseline Proposed Proposed + VTLN Proposed Proposed + VTLN

+ SRA + SRA

Babble

Narrowband
10 dB 30.63 22.32 17.02 27.13 44.43

15 dB 29.69 21.77 16.19 26.67 45.46

Wideband
10 dB 30.22 19.41 18.16 35.77 39.90

15 dB 26.34 17.52 15.30 33.48 41.91

White

Narrowband
10 dB 33.55 24.60 20.12 26.67 40.02

15 dB 28.59 21.71 16.50 24.06 42.28

Wideband
10 dB 24.20 16.15 15.52 33.26 35.86

15 dB 21.33 14.78 14.59 30.70 31.59

Factory

Narrowband
10 dB 41.54 28.82 20.69 30.62 50.19

15 dB 32.45 22.42 16.89 30.90 47.95

Wideband
10 dB 30.82 18.87 17.12 38.77 44.46

15 dB 26.20 16.90 14.42 35.58 44.45

Volvo

Narrowband
10 dB 22.53 17.15 13.54 23.87 39.90

15 dB 22.00 18.21 12.62 17.22 42.63

Wideband
10 dB 19.39 13.68 12.75 29.44 34.24

15 dB 18.60 13.61 12.42 26.82 33.77
Table 9
WERs obtained for noisy speech by the baseline system, by the proposed formant modification method and by combining the proposed method with VTLN and SRA. The experiments
were conducted using the TDNN acoustic model. Relative improvements of the proposed method and the combined system compared to the baseline are reported.

Noise Speech SNR WER (%) Relative improvement (%)

type bandwidth (dB) Baseline Proposed Proposed + VTLN Proposed Proposed + VTLN

+ SRA + SRA

Babble

Narrowband
10 dB 20.81 18.67 16.31 10.28 21.62

15 dB 17.69 15.97 15.17 9.72 14.24

Wideband
10 dB 16.60 14.89 14.28 10.30 13.97

15 dB 14.43 13.38 13.11 7.27 9.14

White

Narrowband
10 dB 21.50 18.87 17.92 12.23 16.65

15 dB 21.15 18.21 15.69 13.90 25.81

Wideband
10 dB 17.33 16.65 15.52 3.92 10.44

15 dB 15.30 14.88 14.33 2.74 6.33

Factory

Narrowband
10 dB 19.53 18.67 17.88 4.40 8.44

15 dB 17.27 16.34 15.76 5.38 8.74

Wideband
10 dB 16.66 14.54 13.85 12.72 16.86

15 dB 14.56 13.97 13.38 4.05 8.10

Volvo

Narrowband
10 dB 19.57 16.42 13.16 16.09 32.24

15 dB 17.75 15.85 12.62 10.70 28.90

Wideband
10 dB 14.27 13.41 11.79 6.02 17.37

15 dB 14.12 13.13 11.55 7.01 18.20
we tested the ASR system with noise-corrupted children’s speech using
additive noise of different types and SNR values and found that the
proposed method gave improved WER values compared to the baseline
both for the DNN and TDNN acoustic models when SNR was 10 dB
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and 15 dB. For more severely corrupted speech, however, the proposed
method was not able to improve the performance.

In summary, the current study has shown that recognition of chil-
dren’s speech using ASR systems trained with adults’ speech can be
improved using the proposed LP-based formant modification method
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and further improvements can be achieved by combining the formant
modification method with two existing techniques (VTLN and SRA).
In addition to yielding clearly improved WER values compared to
the baseline, the proposed method is straightforward to implement.
However, in order to improve recognition of children’s speech which
is severely corrupted by noise, the proposed method does not improve
the ASR performance compared to the baseline and new research is
needed. A potential topic of future research to address this issue is to
use noise-robust LP methods, such as those studied in Airaksinen et al.
(2018), Sambur and Jayant (1976), Pohjalainen et al. (2008) and Magi
et al. (2009), instead of conventional LP to better model formants of
noisy speech by the proposed method.

The proposed method showed consistent improvements compared
to baselines in various scenarios (i.e. for wideband and narrowband
speech, in noisy conditions, and using different acoustic models). The
experiments were conducted, however, by exclusively using only one
type of speech (read speech) from existing databases. We expect that
the proposed method may not be affected by the type of speech and
therefore we assume that the results may be transferable to spontaneous
speech also. New experiments with spontaneous speech are, however,
needed to get a better understanding about the performance of the
proposed method for spontaneous speech. In addition, further studies
are needed to understand how the performance of the proposed method
compares to using an acoustic model trained using in-domain children’s
speech. Furthermore, in studying how the amount of training data
of adult speech affects the system performance by testing the system
using child speech of the PF_STAR database (as done in the current
article), it would be appropriate to train the system using a large
database of British English adult speech (such as the British subset
from the Common Voice corpus (https://commonvoice.mozilla.org/en/
datasets) instead of Librispeech. Moreover, for better acoustic models,
future studies could be conducted by adding the PF_STAR child speech
training set to the adult training set and run additional TDNN training
iterations.
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