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ABSTRACT

There is often a substantial mismatch
between the synthetic voices used on augmentative
and alternative communication devices, and the child
user’s natural voice in relation to age, gender, dialect,
and language. This study aims to determine if it is
possible to develop realistic child speech synthesis,
using Tacotron 2, for South African English. Two
hours of child speech data were manually collected
from one 11-year-old male child. Following this, two
existing adult models were used to “warm start” the
child speech synthesis. Despite the limited child
speech data, we were able to successfully create a
synthesised child voice of adequate quality. When a
warm start training procedure is utilised, even when
there is an age and dialect mismatch, the amount of
training time decreases, and the synthesised voice
matches the vocal quality of the child donor’s voice.
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1. INTRODUCTION

Children with complex communication needs do not
develop  their  speech, language, and/or
communication skills in a typical pattern, most often
as a result of: a) neurological disorders (e.g.,
intellectual disability), b) genetic disorders (e.g.,
Down syndrome), or c) structural abnormalities (e.g.,
cleft palate) [1]. When natural speech is restricted,
augmentative and alternative communication (AAC)
can assist individuals with complex communication
needs establish functional communication skills.
AAC includes techniques, strategies, and pictorial or
written symbols. Using either low- or high-tech AAC
options, it can be used to supplement or if needed,
replace an individual’s natural speech [2]. Low-tech
AAC is made up of basic communication devices
(which are often paper-based) whilst high-tech AAC
involves speech-generating devices such as: mobile,
computer, and/or tablet-based technologies [2]. Due
to advancements in technology, high-tech AAC has
improved considerably in recent years. There are
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many commercially available speech-generating
devices and mobile applications for -children.
However, the speech output on these devices does not
always match the age, gender, personality [3], dialect,
and language of the child user [4]. Tonsing et al. [4]
state that speech-generating devices in South Africa
are usually provided in English dialects that are not
necessarily reflective of South African English
children’s speech. As AAC research and the
technology developments are frequently conducted in
high-income, mostly English-speaking countries, it is
not surprising that US-accented English, is most often
incorporated in commonly used speech-generating
devices [4], [5]. It is not unusual to walk into a South
African special needs classroom and see all the
children making use of the same adult US-English
voice. These children may have a way to
communicate, but with a voice that doesn’t reflect
their linguistic and cultural diversity. Although an
individual’s right to communicate is often discussed
in AAC research, the rights of individuals using AAC
to communicate in whichever dialect or language they
choose, has not received equal attention [4]. Thus,
this study aims to determine if it is possible to develop
realistic child speech synthesis, using Tacotron 2, for
South African English (SAE).

Although South Africa’s official language policy
allows schools to select any of the 11 official
languages for teaching and learning, English in
education, rather than one of the African languages,
is often favoured by the community [6].
Unfortunately, this means that children using a
speech-generating device at school are likely using
their second or third language to communicate [4].
Despite the obvious language barrier, these children
also have to use synthetic voices that do not
necessarily match their age, gender, or dialect.
Although this is an established problem, personalised
synthetic speech software is not without cost [3], [7].
Until AAC applications meet the communication
needs of the child user, AAC use will likely remain
limited, resulting in fewer opportunities for
participation and interaction. Despite this, producing
realistic synthetic child speech from text is
challenging and this is largely due to the scarcity of
usable child speech corpora. Further challenges are
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experienced when collecting child speech data [8].
For instance, in comparison to adult speech,
children’s read speech is typically less fluent, their
speech often includes multiple articulatory errors and
as the recordings are usually conducted in schools
rather than sound-attenuated booths, background
noise is common [8]. When speech data is however
available, Tacotron 2 [9], an open-source speech
synthesis system, can produce natural synthetic
speech, with high similarity to human speakers [10].
Tacotron 2 is an end-to-end neural network-based
text-to-speech system that can be trained on text-to-
audio pairs, without phonetic annotation. The system
is also user-friendly, which means that it can be used
by individuals with limited text-to-speech experience.
Additionally, as Tacotron 2 allows for rich
conditioning of attributes, such as speaker and
language, data adaptation is possible [9].

2. METHOD

One 11-year-old typically developing male child was
recruited to record a total of two hours of read speech
in SAE. Each recording session was thirty minutes
long, with breaks every 10-15min. Using a Zoom H1
Handy recorder (44100 Hz), the recordings were
collected in a repurposed classroom. The data were
manually marked up into short utterance chunks of
<13 seconds, using a Praat textgrid [11]. If audio files
are <13 seconds, Tacotron 2 trains relatively quickly.
Fluent speech was required, so all false starts,
disfluencies and misarticulations were removed.
After data cleaning, there was 113.7min of speech
that remained. The sound files were extracted from
the textgrids, changed to mono, and downsampled to
22050 Hz. The data were then randomly divided into
training (90%) and validation files (10%).

The default Tacotron 2 [9] architecture was used to
create the child speech synthesis. Tacotron 2 [9] is
made up of a recurrent sequence-to-sequence feature
prediction network that maps character embeddings
to mel-scale spectrograms. A “warm start” training
procedure was implemented, meaning that the child
speech data was trained over a pre-existing model.
Essentially, the learned voice from the pre-existing
model is removed, while the linguistic characteristics
of that voice remain intact. Therefore, as linguistic
characteristics from the pre-existing model can be
transferred to other speakers, the new model’s time
until convergence is reduced, which makes it
particularly useful when data is limited. In the current
study, two differing warm start models were
compared. In warm start A, the published pre-trained
Tacotron 2 model (tacotron2 statedict.pt) from
NVIDIA, trained on the LJ dataset [12] was used. The
LJ dataset consists of short recordings from one
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female adult North American English speaker. In
total, the LJ dataset is approximately 24 hours long
[12]. For warm start B, the child model was trained
on the cleaned, resampled (22050 Hz) SAE Lwazi 111
text-to-speech dataset [13]. The Lwazi III dataset is
made up of short and long audio clips from one
female adult SAE speaker. Although the SAE dataset
contains mostly SAE, there are also small amounts of
additional language data. This provides phone
coverage of other languages [13]. Specifically, it
contained 6.5 hours of SAE, but also contained
Afrikaans (2 min), isiZulu (10 min), isiXhosa (12
min), Sepedi (5 min) and Setswana (4 min) data.

Figure 1 illustrates the process used to generate the
synthesis systems for the SAE child speech. As an
adult SAE text-to-speech model for Tacotron 2 isn’t
available for download, this first had to be created.
During training, the full Lwazi III dataset, including
the additional language data, was used. It was
theorised that the additional phone coverage may
improve the pronunciation of non-English names,
surnames, street and building names. Additionally,
due to the frequency of loan words between
languages, it was suspected that improved
pronunciation may be achieved if additional language
data were included. Due to the comparably restricted
Lwazi III dataset, a warm start was implemented
using the pre-existing Tacotron 2 model from
NVIDIA. After manually cleaning the adult data and
segmenting longer recordings, training took
approximately 5 days. Following the creation of the
SAE adult synthesis, the respective SAE adult model
was used to warm start the SAE child speech
synthesis.  Using the generated mel-scale
spectrograms, the published WaveGlow [14] model
was then used as a vocoder to synthesise time-domain
waveforms. WaveGlow is a flow-based generative
speech synthesis program [14].
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Figure 1: Process used for generating the synthesis
systems for SAE child speech.

A further denoising step was included using a
denoising code from the WaveGlow repository,
which reduced background noise and eliminated






