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ABSTRACT

The performance of automatic speech recognition systems for
children’s speech is known to suffer from the large variation
and mismatch in the acoustic and linguistic attributes between
children’s and adults’ speech. One of the various identified
sources of mismatch is the difference in formant frequencies
between adults and children. In this paper, we propose a
formant modification method to mitigate differences between
adults’ and children’s speech and to improve the performance
of ASR for children. The explored technique gives a relative
27% improvement in system performance compared to a hy-
brid DNN-HMM baseline. We also compare the system per-
formance with related speaker adaptation methods like vocal
tract length normalization (VTLN) and speaking rate adapta-
tion (SRA) and find that the proposed method gives improve-
ments over them, as well. Combining the proposed method
with VTLN and SRA results in a further reduction of WER.
We also found that the proposed method performs well even
for noisy speech.

Index Terms— Children speech recognition, Formant
modification, DNN

1. INTRODUCTION

Automatic speech recognition (ASR) for children speech is
a challenging task specifically under mismatched and noisy
conditions [1, 2]. Mismatched conditions correspond to train-
ing the system with adults’ speech and testing it with chil-
dren’s speech. Most of the ASR systems available publicly
work well with adults’ speech but in the case of children’s
speech or in the case of low-SNR speech, the system perfor-
mance collapses [3]. This is due to the vocal tract variability
of children speech [4, 5] and noise corrupting the formants
and other key features in speech. One more important issue
for children ASR is the limited amount of publicly available
speech data for child speakers [6, 7]. For adults speech, we
have databases of more than 1000hrs of training data for ASR
building, but for children speech, databases of only a few
hours are available even in English. For all these reasons,
it is necessary that ASR systems built for children are robust
for various mismatched conditions.

In the past two decades, research in speech recognition

has made tremendous progress. Consequently, a large number
of speech-based user applications have been developed [3].
In such applications, the performance of the deployed ASR
system is affected by several factors. One of them is the inter-
speaker variability such as age, gender, accent, speaking-rate,
and formant frequencies of the speakers present across train-
ing and test data sets. To impart robustness towards this vari-
ability, the ASR models are trained on a large amount of
speech data collected from different speakers. In addition,
techniques like feature-space maximum likelihood linear re-
gression (fMLLR) [8] and vocal tract length normalization
(VTLN) [9] are commonly included to adapt to the variation.

Many studies have explored the changes in formant fre-
quencies with age [4, 10, 11, 12]. Formant frequencies F1,
F2, and F3 have been found to be highest in children, de-
crease with increasing age [4, 11] and be lowest in adult men.
The length of the vocal tract is inversely proportional to for-
mant frequencies: when the vocal tract length increases, the
formant frequencies decrease and vice-versa. The range and
amount of change in formant frequencies are smaller between
older age groups than between the younger ones.

In this paper, a linear predictive coding (LPC) -based for-
mant modification technique is proposed to overcome the dif-
ferences in ASR between adults and children speech. The
method aims at reducing differences in formant frequencies
between adults and children speech. MFCC features are com-
puted after the formant modification. The study shows that
the formant modification improved the system performance
compared to the VTLN and SRA techniques in recognition
of children speech under mismatched conditions. Further, we
extended our study to children ASR in noisy conditions and
even in this case found a reduction in WER.

2. FORMANT MODIFICATION

The difference in the vocal-tract dimension between adults
and children is the major cause for mismatch in ASR. Fig-
ure 1 demonstrates differences in the formant structure be-
tween adult and child speakers for the vowels “IY” and “EI”.
The blue and green curve shows the LPC spectrum for an
adult and child speaker, respectively. The red curve shows
the LPC spectrum modified with the proposed method from
the child speech.
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Fig. 1. LPC spectra computed from frames of the vowels
/IY/ and /EI/ showing variations in formant frequencies. Blue
and green curves were computed from speech utterances of
an adult and child speaker, respectively. Red curve shows
the spectrum after applying the formant modification for the
spectrum of the child speaker.

Formant modification is carried out to the LP spectrum us-
ing warping. The resulting LP spectrum, denoted by Xα(f),
is obtained by modifying the original LPC spectrum X(f) by
the warping function wα(f), where α is the warping factor:

Xα(f) = X(wα(f)). (1)

In the classical LPC method, an estimate of the speech
signal X(n) is obtained as a linear combination of the previous
N sample values

x̂(n) =

N�

k=1

akx(n− k), (2)

and its Z-transform is given by

X̂(z) =

�
N�

k=1

akz
−k

�
X(z). (3)

Here z−k is the k unit delay filters, and ak are the LPC
filter coefficients using which the LPC spectrum can be com-

Fig. 2. A block diagram of the LPC based formant modifica-
tion method

puted. In this study, the unit delay filter is replaced by an
all-pass filter D(z) to warp the LPC spectrum. The warping
of the frequency scale is conducted using a first order all-pass
filter [13, 14] given by

D(z) =
z−1 − α

1− αz−1
, (4)

where α is a warping factor in the range of −1 < α < 1. With
a proper value of α, the warped frequency scale matches the
psycho-acoustic scale based on auditory perception [15]. By
applying the warping function D(z) to the LPC coefficients
a

�
ks, the spectral resonances (formants) can be shifted system-

atically. With positive values of α, formant frequencies shift
to lower frequencies as shown in Figure 1 by the red curves
for ”IY” and ”EI” vowels. The modified LPC coefficients
(a

�
ks) and the residual (x(n) - x̂(n)) are used to synthesize the

speech signal using a standard LPC synthesizer [16]. This
synthesized signal is referred as the formant modified signal,
and it is used in the current study as input to an ASR system.
A schematic block diagram describing the steps involved in
the proposed method is depicted in Figure 2.

3. SPEECH DATA AND EXPERIMENTAL SETUP

Two British English speech corpora, WSJCAM0 [17] and PF-
STAR [18], were used in the experiments. The train set of
WSJCAM0 has 92 adult (male and female) speakers and a to-
tal of 15.5 hours of speech data. For children speech, the train
set of PF-STAR contains 8.3 hours of data from 122 speakers.
The total duration of children speech data for testing is 1.1
hours. The age of the child speakers in this corpus varies be-
tween 4-14 years. The analyses were performed using wide-
band speech (sampled at 16 kHz).

For computing the MFCC feature vectors, speech data
was first analyzed in overlapping Hamming-windowed 20-ms
frames with a frame-shift of 10 ms. The 40-channel Mel-
filterbank were used to compute 13-dimensional base MFCC
features. The base MFCC features were then spliced in time,
i.e., 4 frames to the left and to the right of the current analysis
frame were appended making the feature vector dimension
equal to 117. The dimensionality was reduced to 40 using
linear discriminant analysis followed by maximum likelihood



linear transformation and de-correlation was performed with
cepstral mean and variance normalization (CMVN). For nor-
malization, 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 [19].

The context-dependent hidden Markov model (HMM)
was utilized to train the acoustic models. The observation
probabilities for the HMM states were generated using the
Gaussian mixture model (GMM) and DNN [20]. Cross-word
triphone models consisting of a HMM with 8 diagonal covari-
ance Gaussian components per state were used in the case of
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 once again considering a
context size of 9. The number of hidden layers was chosen
as 8 with each layer consisting of 1024 hidden nodes. The
nonlinearity in the hidden layers was modeled using the tanh
function. The initial leaning rate for training the DNN-HMM
parameters was set at 0.015 which was reduced to 0.002 after
20 epochs and extra 10 epochs of training were employed.
The minibatch size for neural network training was selected
as 512.

To decode the children speech test set, a domain-specific
bigram language model (LM) was used. This bigram LM was
trained on the transcripts of the speech data of PF-STAR ex-
cluding the test set. The out-of-vocabulary (OOV) rate and
perplexity of the bigram LM with respect to the children test
set are 1.20% and 95.8, respectively. A lexicon of 1969 words
including the pronunciation variations was employed.

4. RESULTS AND DISCUSSION

The baseline WERs in % for the children test set are given
in Table 1. MFCC features are used for acoustic modeling.
The acoustic and linguistic differences between the training
(adults speech) and test (children speech) data degrade the
recognition performances compared to matched cases [21, 22,
23, 24, 25]. Despite applying CMVN and fMLLR, the WERs
are quite poor even in the case of DNN-HMM-based ASR
systems. To overcome the formant frequency differences be-
tween adults and children speech, and to improve the recogni-
tion performance, the proposed formant modification method
is applied. The formant modification algorithm has a tun-
able parameter α that was varied from 0.05 to 0.25 in order to
modify formant frequencies. In Figure 3, WER is shown by
varying the formant modification factor α with the GMM and
DNN acoustic models. In Figure 3, the blue dotted line shows
the baseline for the GMM acoustic model and the red dotted
line shows the baseline for the DNN acoustic model. It is in-
teresting to note that after applying the formant modification
technique, the performance of the GMM model moves closer
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Fig. 3. WERs illustrating the effect of the formant modifi-
cation factor (α) on the recognition of children speech us-
ing GMM and DNN-based ASR systems trained on adults
speech.

Table 1. WERs for the children speech test set with respect
to adult data trained ASR systems demonstrating the effect of
the formant modification (Proposed) and two other methods
(VTLN and SRA).

Acoustic WER (in %) Rel. Imp.

model Baseline VTLN SRA Proposed over baseline

GMM 33.70 24.30 22.04 20.59 38.90

DNN 19.76 15.23 16.96 14.37 27.27

to the DNN baseline at α = 0.1, and the DNN model further
improved the performance with the formant modification.

WER values obtained by using the formant modification
with the GMM and DNN acoustic models are reported in Ta-
ble 1. It can be observed that the proposed method gives 33%
and 19% relative improvements compared to the GMM and
DNN based baseline ASR system, respectively. In Table 1,
we have also compared our proposed method with VTLN
and time scale modification based speaking rate adaptation
(SRA) [26, 27] and found that the proposed method outper-
forms these two methods.

For further analysis, the children test data was divided into
three different test sets based on three age groups ( 4−6 years,
7 − 9 years, and 10 − 14 years). In Table 2, baseline results
for the age-wise test sets and average of all are shown. The
proposed method improves the results in all the test sets.

To further enhance the system performance, we com-
bined the proposed method with the SRA and VTLN tech-
niques. The combinations studied are: proposed+VTLN,
proposed+SRA, and proposed+ VTLN+SRA, and their re-
sults are reported in Table 3. Even though the combined



Table 2. WERs for the age-wise grouped children speech test
sets with respect to adults data trained ASR systems demon-
strating the effect of the formant modification (Proposed).

Age wise WER (in %) Relative

setup Baseline Proposed Improvement

4 - 6 70.48 49.69 29.49

7 - 9 19.38 10.69 44.84

10 - 14 11.78 10.53 10.61

Avg 19.76 14.37 27.27

Table 3. WERs for the children speech test set with respect
to adults data trained ASR systems demonstrating the effect
of combining the proposed method with VTLN and SRA.

Acoustic WER (in %) Rel. Imp.

model Proposed Proposed Proposed Proposed over pro.

+ VTLN + SRA + VTLN + SRA method

DNN 14.37 13.74 13.39 12.35 14.05

methods are better than the proposed methods alone, it seems
that the proposed method provides some complementary
information to VTLN and SRA. The best combination is pro-
posed+SRA+VTLN which gives a relative improvement of
14% over the proposed method alone.

In order to further validate the effectiveness of the pro-
posed formant modification method, another DNN-based
ASR system was developed by pooling speech data from
both the adults and children train sets. Such an ASR system
reduces the degree of acoustic and linguistic mismatch by uti-
lizing also children speech in the training. The baseline WER
of the pooled system is given in Table 4. From Table 4, it can
be seen that the proposed method and the combinations with
the other techniques also reduce WER in the pooled system.
A relative reduction of 11% in WER is noted compared to the
baseline.

Table 4. WERs of the proposed method for the children
speech test using an ASR system trained by pooling adults
and children speech.

Acoustic WER in (%) Rel. Imp.

model Baseline Proposed Pro. + VTLN + SRA over baseline

DNN 12.26 11.25 10.89 11.17

To validate the robustness of the proposed method in
noisy conditions, four different types of noise, viz. babble,
white, factory and volvo noise extracted from NOISEX-92
[28], were added to the training and testing data under vary-

ing SNR values. The noisy test sets were decoded using the
acoustic models trained with noisy speech. The WER for two
different SNR values (10 dB and 15 dB) are reported in Ta-
ble 5. It can be noted that for both SNR levels and for all the
four different noise types, the performance of the proposed
system is improved significantly. For lower SNR values, the
proposed method did not improve the system performance.
Further improvement can be seen for combinations with the
other techniques (i.e, Proposed+VTLN+SRA).

Table 5. WERs of the proposed method for the children
speech test set under varying additive noise conditions.

Noise SNR WER in (%) Rel. Imp.

Type (dB) Baseline Proposed Combination over baseline

Babble
10dB 30.29 19.45 18.20 39.91

15dB 26.46 17.59 15.34 42.02

White
10dB 24.11 16.09 15.52 35.62

15dB 21.30 14.71 14.55 31.69

Factory
10dB 30.90 18.99 17.16 44.46

15dB 26.30 16.94 14.47 44.98

Volvo
10dB 19.53 13.82 12.85 34.20

15dB 18.72 13.70 12.69 32.21

5. CONCLUSION

In this paper, we have proposed and studied a formant modi-
fication method to demonstrate its effectiveness in the context
of children speech recognition using acoustic models trained
on adults speech. The proposed method gives a relative im-
provement of 27% over a baseline with DNN acoustic model
using MFCC acoustic features. We have also compared the
proposed method with the VTLN and SRA methods and
found that the proposed method performs better. By com-
bining the proposed method with SRA and VTLN, showed a
further reduction in WER. A pooled system is also developed
by pooling together speech data from both adult and children
speakers and even in this case the proposed system manages
to improve the performance. Further, we have developed and
tested the ASR system using speech with additive noise, and
for this case also found a reduction in WER.
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