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Abstract
Automatic speech recognition and its synthesis is the main 
purpose of any speech processing system. Synthesis of the 
speech from a consistent speaker, which is phonetically rich and 
without any noise interfered, can be done by many techniques. 
It is always a tough job to synthesis a speech data that is 
imperfect. Poor phonetic coverage, speaker inconsistency and 
noise from background are common imperfections in speech 
data. Such imperfections are associated with child speech. 
Child speech contains of abrupt variations depending on the 
child’s mental state. Collecting the child speech data and 
building a synthesizer from such data is always a challenge. 
Using Hidden Markov Model-based system (HTS), a Statistical 
Parametric Synthesizer is built from a child speech. This type 
of synthesizer has been successfully used previously for such 
imperfect speech with a limited amount of data. Here, we 
compare the speaker-dependent and speaker-adaptive models 
whose outputs are plotted against the natural and the vocoded 
speech.

Keywords
HMM-Based System, HTS, Statistical Parametric, Synthesizer, 
Speech Recognition.  

I. Introduction
Child Speech when applied to any Data-driven speech synthesis 
systems presents many difficulties due to the child speech 
data that is available. Quality of the speech plays a vital role for 
synthesizing a speech data. Imperfections in the input speech 
data will reflect in the synthetic speech. Poor phonetic coverage, 
speaker inconsistency, background noise are the imperfections 
seen in speech data, generally associated with child speech 
data.
Unit Selection speech synthesis approach to data-driven 
speech synthesis systems has been a dominant approach 
to data-driven speech synthesis over the last decade. In this 
approach, speech units of the recorded data are recognized 
and the same are matched to the best matched units present 
in the database. Major advantage of this approach is that, if 
the data that has to be processed is ideal, natural waveforms 
can be used directly without manipulating the fundamental 
frequency, the spectrum and the degradation of the quality of 
speech that this manipulation entails. However, there are few 
disadvantages in Unit Selection approach. If the database is 
imperfect, this will have a direct impact on the quality of the 
speech synthesized. Imperfection in the database proportionally 
affects the quality of synthesized speech.
We address these problems using Statistical parametric 
approaches to speech synthesis (such as hidden Markov model 
(HMM)-based speech synthesis). From last few years, this 
approach has proved to be less sensitive to the imperfections 
present in the speech. Use parameter sharing in the HMM-
based speech synthesis, allows the synthesis of models for 
speech units unseen in the training corpus. HMM-based 

systems overcome all the disadvantages of Unit Selection 
speech synthesis systems.
We construct both speaker-dependent and speaker-adapted 
models using HMM-based systems. Robustness of HMM based 
speech synthesis to the imperfect recording conditions will 
best suit for the task of child speech synthesis. We perform 
experiments in order to compare the speaker-dependent and 
the speaker-adaptive models for several varying amounts of 
data. We evaluate these systems for similarity of the target 
speaker, naturalness and intelligibity. We also evaluate the 
vocoded speech against the synthetic speech, considering 
the difficulties in extracting the fundamental frequency (F0), 
spectrum estimation and vocoding the child speech.

II. Child Speech Corpora
Collecting child speech data presents many difficulties. The data 
generally feasible to collect from the child speaker presents 
many difficulties for the Data-driven synthesis systems for child 
voices. The type of child speech typically available resembles 
data that does not give a complete coverage of all speech 
units of the language, is inconsistently read, and is imperfectly 
recorded. An example of such a child speech corpus is the one 
collected and prepared in the work described here. 

A. Child Database Collection
English Speech of a South-Indian female child of 7-years is 
recorded in an informal manner in a living environment using 
a headset microphone. The child is made to read the stories 
that are familiar to her from her story book. She was allowed 
to read the text without any interruption and so page turns, 
sighs and other non-speech sounds were also recorded. It is 
not always possible to remove such non-speech units. Non-
speech units like hammering, screams, page turns and noise 
from an airplane are shown in the Fig. 1.

Fig. 1: Spectrograms showing the non-speech units of the child 
speech collected.

Recording the data of the child is more complex when compared 
to that of an adult one. As the child speech is recorded without 
any interruptions, it is split into fragments of short length. The 
child speech data does not have the disfluencies, sighs, page 
turns, screams and other non-speech units as we do not require 
these terms to get incorporated in the synthetic speech. Here, 
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we considered 20 -30 sentences of medium length (8-10) words 
for evaluating the systems.

III. HMM-Based Synthesiser Design

A. HTS Systems Incorporated
We use HMM-based system (HTS) for child speech synthesis. 
Speaker-adaptive and Speaker-independent systems are the 
two types of speech systems that are to be designed and 
evaluated. HTS version 2.1 is used in this experiment to build 
the above systems. Building the Speaker-dependent speech 
synthesis system follows the procedure same as that for the 
HTS entry in the Blizzard Challenge 2005. Similarly for Speaker-
adaptive speech synthesis systems, we adopted the gender-
mixed average voice form the HTS entry in Blizzard Challenge 
2007. The below paragraphs give a brief account of these 
procedures.

B. Fundamental Frequency Extraction (F0)
In this experiment, the difficult part lies in the extraction of 
the fundamental frequency of the child speech (F0). We have 
the same procedure for extracting parameters for both the 
types of the systems. The child speech is considered as 40 
mel-cepstral coefficient parameter, log F0 and the energy of 
aperiodic components in 5 frequency bands, and the dynamic 
and acceleration features derived from all of these, to form a 
138-dimension observation vector for the HMMs. Fundamental 
frequency (F0) is extracted in a three-step procedure. Initially, we 
use the ESPS get_f0 tool for extracting the F0 for all the speech 
data. We plot these initial values as a histogram from which 
speaker voice F0 range is roughly determined. Re-extraction 
of the F0 is done with in the determined range of F0 using the 
voting method based on get_f0, Tempo and IFAS, the final F0 for 
each frame being the median of the three extracted values for 
that frame. High quality vocoder STRAIGHT is used to perform 
spectral analysis. The spectrum available from the STRAIGHT 
vocoder is again converted into mel-cepstral coefficients. 

C. Speaker Dependent System
Model training for the speaker-dependent speech synthesis 
system begins with the estimation of the phone models that 
are independent of the context. Mono phone models of speech 
are independent of the context. These models are used as 
reference for the full-context models which are again estimated 
before applying the decision-tree based context clustering to 
spectral, log F0, aperiodicity and duration features one after 
the other. The context dependent clustered parameters are tied 
and re-estimated, and then the procedure is repeated. Context 
parameters are untied and re-estimated then clustered and 
re-estimated for the second time. 

D. Speaker-Adaptive System
Speaker adaptation techniques have been used to adapt 
speech recognizers trained on adults’ speech to the task of 
recognizing children’s speech. We apply speaker normalization 
during the estimation of the models to avoid different speaker-
dependent voice characteristics ‘diluting’ the average models. 
Using the decision-tree based clustering; with gender included 
as context feature, the properties of both gender-dependent 
models were clustered and tied. SAT is used to re-estimate the 
clustered HMMs and from the gender-mixed decision trees, 
regression classes for the normalization are determined. 

During the estimation we obtain the state durations and are 
used to initialize duration probability distributions which are 
then clustered. Speaker adaptive training is performed on the 
complete HMMs to re-estimate all the parameters with speaker 
normalization.

E. Speech Synthesis
We use the Festival speech tool for synthesis of the sentences 
that are present in the child speech. The phonetic and linguistic 
predictions are performed by the front-end of the Festival 
synthesis tool to provide a sequence of context-dependent 
labels for each utterance in the child speech. The parameters 
are generated for the trained models are generated using the 
Festival tool predictions. Wave forms are synthesized from 
these parameters.

VI. Experiments And Evaluation

A. Experimental Procedure
Various systems are evaluated using the similar protocol to the 
Blizzard Challenge. Every feature of our system is a participant 
in the Blizzard Challenge.  Three systems A, C and E are speaker-
dependent systems, B, D and F are speaker-adaptive systems, 
used here for evaluation on speech units of the child and the 
input speech duration is varied as mentioned in the Table 1.

Table 1: Each System identified with a letter.
Systems G and H are used to represent the vocoded speech 
and original speech of the child respectively. 

Synthetic Speech
Duration 

of speaker 
speech 

Modeling System
Speaker 

Dependent
Adapted 

Speaker voice
15 minutes A B
40 minutes C D
80 minutes E F

Natural Speech
Vocoded Speech G
Original Speech H

Table 2: Sentences to evaluate intelligibility
S. No Sentence Text
1. Alice ran behind the rabbit.

2. She was surprised to see them.

3. She will come back. Does She?

4. What is that little creature?

5. Is that all we can give her?

6. Oh! It is really hard to say.

Table 2 shows the sentences used to synthesis the child 
speech. Systems A and B are applied with a speech data of 
duration 15 minutes. Similarly, systems C and D are given 
a speech input of 40 minutes duration. And the systems E 
and F with a speech input of 80 minutes duration. STRAIGHT 
vocoder is used to construct the vocoded speech. The vocoded 



 InternatIonal Journal of Computer SCIenCe & teChnology 151

IJCST Vol. 2, SP 1, DeCember 2011ISSN : 0976-8491(Online)  |  ISSN : 2229-4333(Print)

w w w . i j c s t . c o m

signal gets degraded slightly and we evaluate the effect of this 
degradation on the child speech. Variation in Fundamental 
frequency causes the spectral envelope estimation to be less 
accurate. If the F0 value is large, formant frequencies of child 
speech are large when compared to the adult speech.
Every system was used to synthesize every utterance once 
within each section. We used a total of 24 paid listeners (3 
people per listener group), who were all native speakers of 
English between the ages of 18 and 25. In the first section, 
listeners were asked to rate the similarity of each stimulus to 
the original speaker. Two natural reference utterances were 
provided, which listeners could play at any time, as many times 
as they wished. Listeners could also listen to each stimulus 
as many times as they wished. A five point scale was used; 
the end points of the scale were described to the listeners as 
“1 – Sounds like a totally different person” and “5 – Sounds 
like exactly the same person”. The second section followed the 
same format as the first, but this time listeners were asked 
to rate the naturalness of each stimulus on a 5 point scale, 
with end points described to the listeners as “1 – Completely 
Unnatural” and“5 – Completely Natural”.

B. Results
Statistical techniques used in the Blizzard Challenge 2007 are 
used analyze the listening test data. The results are presented 
in the Fig. 2. 

Fig. 2: Listening Test Results

In most cases increasing the amount of training or adaptation 
data gives a higher median score in sections I and II and a lower 

mean WER in section III between systems of the same type, 
as we would expect. In three cases this effect was found to be 
significant (between systems A and E in section I and systems 
B and F in section II), and we would expect to find a greater 
number of significant differences if a more extensive listening 
test were to be performed. In the evaluation of similarity to the 
original speaker, even the natural speech received a median 
opinion score of 4, where we would expect “5 – Sounds like 
exactly the same person”. This might be attributed to the 
variability of the child speech data: the two natural speech 
samples given for reference in the evaluation were taken from 
different recording sessions and have slightly different qualities. 
The synthetic speech in effect “averages out” the speaker/
recording condition variability across all the data, and as such 
is different in quality from either of the two natural samples. 
If it were possible to evaluate voices built on more consistent 
data, then we would expect natural speech to receive a median 
opinion score of 5 in this section of the evaluation. 

V. Conclusions
In this paper we describe the synthesis of the child speech by 
statistical parametric approach using an existing HMM based 
speech synthesis system. Both the systems speaker-dependent 
and speaker-adaptive are designed. We use an average voice 
model trained already on an adult speaker to adapt for a child 
target speaker successfully. The output speech sounds like a 
speech read by a child with same patterns of hesitations and 
disfluencies. These disfluencies are not desired in the synthetic 
child speech. As a future work, the synthetic speech should be 
a fluently-spoken speech, even without recording any additional 
data. Combination of models trained on different speakers 
will be a way for achieving this. Combining the Fundamental 
frequencies, spectral and duration models of different speakers 
is another way to get a fluent child-like speech output. This can 
be achieved in the future work.
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