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Abstract. Automatic Speech Recognition (ASR) has revolutionized human-
machine interactions as it allows the use of speech as an input modality. Speech is
easy, natural and it is a skill that most people possess in their respective lan-
guages. Therefore, speech technology contributes to the usability and inclusivity
of applications. ASR in languages such as English is extensively developed as
there are large amounts of relevant resources available such as audio or tran-
scribed data. For languages which are under-resourced, such as Kreol Morisien,
ASR is a monumental task. In this paper, an attempt at developing an ASR
system in Kreol Morisien is described. The ASR system was developed for the
health domain to enable the automatic recognition of medical symptoms in
spoken Kreol. The data collection process included the manual creation of a list
of 848 symptoms along with 4000 audio files. Using the created corpus, the
acoustic model for Kreol recognition was built and trained. This paper also
describes a user evaluation which was conducted in different environments.
Findings showed that the accuracy of the acoustic model was mainly affected by
the level of noise. The gender of the speaker and the pronunciation style
(depending on the region where the speaker originates from) did not cause any
significant difference in the performance of the acoustic model.
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1 Introduction

Automatic Speech Recognition (ASR) has been the subject of research for many
decades. However, with the recent popularity of technologies such as Amazon Alexa
and Apple Siri, ASR has received a new surge of interest [1]. The worldwide tech-
nological advancements in terms of mobile devices such as smartphones and tablets
have also highlighted the need for speech-based interactions [2] as speech is the pri-
mary means of human communication. Speaking is faster and more natural, therefore
increasing the usability of many applications. Speech-based applications are also more
inclusive [3] as they provide access to non-standard populations such as the elderly, the
low-literacy group or the visually impaired.
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Creating speech-based applications in well-resourced languages such as English
and French is not a big task, since text-to-speech systems are already available for these
languages. On the other hand, creating speech-based applications for languages that do
not offer the resources for Human Language Technologies (HLT) is a monumental
task. ASR in such cases require large amounts of transcribed data for the training
process and very often, for these languages, there are no existing corpus of data that can
be used. Generating this required transcribed data is an expensive process in terms of
both manpower and time [4].

In Mauritius, to the best of our knowledge, there is only one previous research [5] on
ASR in Kreol. It is most likely due to the absence of a corpus of text and audio data in
the language. Yet, there are many possible applications of ASR in the Mauritian context
since Kreol Morisien is spoken by the majority of the population [7]. For example,
despite English being the official language, Kreol is used extensively in schools, the
workplace and in most public institutions such as hospitals. In this paper, a first attempt
at ASR in Kreol Morisien is presented whereby the authors describe their approach to
building an acoustic model that is able to recognize spoken medical symptoms being
experienced by patients. The health domain has been chosen only because of the
authors’ previous work in developing smart health applications for Mauritius [6]. The
rest of this paper is structured as follows: Sect. 2 provides a literature review on Kreol
Morisien and Automatic Speech Recognition. Section 3 describes the implementation
of the acoustic model for Kreol recognition. In Sect. 4, the user evaluation process is
outlined along with findings and discussions. We conclude the paper in Sect. 5.

2 Literature Review

2.1 Kreol Morisien

According to Ethnologue1 (Accessed April 2019), the Kreol language, also known as
Kreol Morisien, is the de facto language of national identity in Mauritius and is spoken
by 1,339,200 around the world. Kreol can be defined as a French-based language
including a number of words from English and from the African and South Asian
languages spoken in Mauritius [6]. The status of Kreol Morisien has been the subject of
an ongoing debate since Mauritius attained independence from the British in 1968.
However, it is only in recent times that efforts have been made by the Government to
formalize the language: In 2010, Akademi Kreol Morisien (AKM) was created and
different committees were set up to define and standardize the spelling, syntax, pro-
nunciation and grammar of the Kreol language. In 2012, the Government of Mauritius
introduced the language in the curriculum of primary education.

2.2 Automatic Speech Recognition for Under-Resourced Languages

Automatic Speech Recognition (ASR) is an important technology for the most natural
human-computer interaction, given that speech is a skill that the majority of people

1 https://www.ethnologue.com.
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have [1]. Speech technology can address barriers in human-human interactions (two
people speaking different languages can use ASR to communicate seamlessly) as well
as human-machine interactions (applications such as Voice Search [8] and Personal
Digital Assistants [9]). ASR has already changed the way people live and work as
speech becomes the input modality of human-machine interactions [1]. This is espe-
cially true for established languages such as English and French, for which a large
amount of resources is available.

However, the same cannot be said for languages from developing countries which
have so far received a lot less attention [12]. Yet, the need for speech technology in these
languages is high as speech-based interactions are easy and thus accessible to a wider
population including the low literate, the elderly and people with certain impairments
[3]. The challenge for ASR in such languages is the limited availability of resources
which has led to these languages being termed as ‘under-resourced’. The concept of
under-resourced language was introduced by [10] and [11]. In a survey for ASR in the
context of under-resourced languages, [12] summarized the concept as a language with
some or all of the following: “lack of a unique writing system or stable orthography,
limited presence on the web, lack of linguistic expertise, lack of electronic resources for
speech and language processing, such as monolingual corpora, bilingual electronic
dictionaries, transcribed speech data, pronunciation dictionaries, vocabulary lists, etc.”

In the context of Kreol Morisien, it can be considered as an under-resourced
language mostly for the lack of electronic resources required for speech processing. In
this paper, a first attempt at developing an ASR system in Kreol Morisien is described.
The ASR system, through its acoustic model, aims to recognize spoken symptoms from
patients using a health diagnosis tool. Thus, the conversation patients may have with a
nursing staff while describing their symptoms is being simulated (A snapshot of such a
conversation can be found in Table 1). Since, the focus of this paper is ASR, only the
speech recognition part of this work is described, omitting details on health diagnosis.

3 Implementation of Acoustic Model

3.1 Data Collection

Since there are no existing corpus for Kreol Morisien, the implementation of the
acoustic model included the data collection process during which both text and audio
data was manually created.

Text Corpus. Since there are no corpus available for Kreol Morisien, the implemen-
tation of the acoustic model included the data collection process. A list of 848 commonly

Table 1. Examples of medical symptoms in Kreol Morisien and English

Kreol Morisien English

Mo latet p fermal I have a headache
Mo p gagne la fievre I have a fever
Mo p tousser I am coughing

416 N. Gooda Sahib-Kaudeer et al.



used words to describe symptoms in Kreol was created and based on these words, a list of
2989 sentences was manually created to be used for language modelling.

Audio Recording. The audio for each word and sentence was recorded using
Audacity2 and saved as .wav files. Four different speakers (two males and two female)
recorded 1000 audio files each. Therefore, a total of 4000 audio recordings was
obtained. The absence of noise was ensured during the recording process as noise
would cause interferences during the training of the acoustic model. Presence of noise
would cause the amplitude of the audio to increase and therefore, it was ensured that
the amplitude remained between −0.5 and 0.5.

3.2 Building of Phonetic Dictionary

A template dictionary of the list of 848 Kreol symptoms was constructed using the
Lexicon tool3 to understand the phonetic representation of each word (known as
phoneme). Different pronunciations for the same word were catered for (see Fig. 1) to
boost efficiency of the recognition model since the Kreol language is articulated dif-
ferently by different individuals. The dictionary was built using the French phones
since they are closer to Kreol pronunciation than English. For example, ‘a’ is repre-
sented as ‘AE’ in English phones whereas in French, it is represented as ‘aa’.

3.3 Building of Language Model

The Lexicon tool was used to generate the language model in order to calculate the
probabilistic occurrence of words. A total of 2989 sentences and 784 words was used to
build the language model.

3.4 Preparation of Transcript Files

The transcription files were manually created based on the audio recordings from the
data collection process. Both Kreol_train.transcription and Kreol_test.transcription

Fig. 1. Snapshot of Phonetic Dictionary

2 https://www.audacityteam.org/.
3 www.speech.cs.cmu.edu/tools/lmtool.html.

Automatic Speech Recognition for Kreol Morisien 417

https://www.audacityteam.org/
http://www.speech.cs.cmu.edu/tools/lmtool.html


have been prepared, one for training and one for testing respectively. Each word and
sentence in the files were allocated a unique identifier. The transcription files was
updated each time new audio recordings became available. This was an effort intensive
task that required in depth revisions since mistakes could lead to failure in training.

3.5 Training the Acoustic Model

CMU Sphinx4 was used to train the acoustic model with 80% of the audio recordings
corresponding to 3.2 h of audio data. A phoneset file of all phones in the dictionary was
created and a context dependent model was used for training. The details of the final
version of the acoustic model are described in Table 1.

4 User Evaluation

A user evaluation was conducted to determine the accuracy of the acoustic model in
correctly recognising the symptoms spoken by users in continuous speech. There were
two main parts of the user evaluation, referred to as User Study 1 and User Study 2 for
the rest of this paper. A set of 50 sentences in Kreol Morisien, that did not occur in the
train and the test sets, was created to conduct the user studies. Bothe studies used the
same sentences to ensure that while other variables such as level of noise were
changing, the complexity of the speech was the same across studies.

4.1 User Study 1

The aim of this study was to determine the accuracy of the acoustic model in varying
environments in order to simulate circumstances in which people may be using such an
application in real-life settings. The participants and the methodology are described in
the following.

Participants. Ten participants were involved in User Study 1 and they were divided
into two groups (A and B) such that two different participants were assigned the same
group of sentences. Additional demographic information about the participants which
was collected through a questionnaire can be found in Table 2.

Table 2. Demographic information of participants in User Study 1.

Group A Group B

Age 34.5 21
Gender Male (3) Female (2) Male (3) Female (2)
Region Urban (2) Rural (3) Urban (2) Rural (3)
Level of Kreol Native Speaker (5) Native Speaker (5)

4 https://cmusphinx.github.io.
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Methodology. The sentences were split in 5 sets of 10 sentences (S1 to S5) and each
participant in Group A and Group B were assigned one set of sentences to speak. For
comparison purposes, it was ensured that each set of sentences were assigned to
speakers of the same gender from both groups. However, different speakers from each
group tested the acoustic model in different environments in terms of noise levels. The
participants spoke the sentences using the same hardware and the acoustic model
output the transcribed speech for evaluation purposes.

Findings and Discussion. The ability of the acoustic model to recognize speech in
Kreol Morisien is evaluated based on Word Error Rate (WER). WER is calculated as
the total number of insertions, deletions and substitutions in the output of the acoustic
model divided by the total number of words in the reference sentence. For each user
study, the Sentence Error Rate (SER) is also provided. SER is the proportion of the
sentences which have an error in them. In this paper, all reported WER and SER values
have been calculated using the Python module for ASR evaluation5.

The Word Error Rate for User Study 1 was 17.91%, that is, the overall accuracy of
the acoustic model across all participants was 82.09%. In Fig. 2, WER for each par-
ticipant from both Group A and Group B are displayed. Statistical testing was carried
out at p < 0.05 using a two-sample t-test for unequal variances. There was no signif-
icant difference between Group A and Group B (p = 0.07). The regions from which the
participants originated (Urban or Rural) and the gender did not cause any significant
difference in the performance of the acoustic model (p = 0.26 and p = 0.17). The SER
value was 57% across the sentences spoken by the participants.

In this user study, the authors did not control the environment with respect to noise
level. Therefore, it was performed in mixed environments with some speakers inside a
room with background noises like a running fan and some in open air with people

Fig. 2. WER of speakers in User Study 1

5 https://github.com/belambert/asr-evaluation.
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talking and moving nearby. The average accuracy is 82.09% for all the sentences across
all speakers. The biggest differences in accuracy are between speakers 1A (21.05%) and
1B (7.9%) and speakers 4A (33.33%) and 4B (15.15%), despite each pair speaking the
same sentences. This difference may have arisen because as per data gathered in the
questionnaire, despite being a native creole speaker, speaker 1A speaks French on a
daily basis and thus her accent is different from speaker 1B who speaks Kreol Morisien
regularly. Speaker 1A was also in a noisier environment. The difference between
speakers 4A and 4B may also have resulted due to the difference in environments.

4.2 User Study 2

Following User Study 1 in mixed environments where the accuracy of the acoustic
model in different levels of noises was studied, User Study 2 was conducted with 10
participants in two different environments. The aim of this user evaluation was to study
how the acoustic model performed in two different environments: a noisy environment
as well as a quiet environment. For the noisy environment, an open corridor with
people talking and laughing, sounds of doors opening and closing and people walking
loudly was chosen. There was also a car park nearby and thus, there was also vehicle-
related noises in the background. The quiet environment was indoors, in a classroom
with closed doors.

Participants. Ten participants, who were all students from the University of Mauritius
took part in this study. They were divided into two groups (A and B) such that two
different participants were assigned the same group of sentences for each environment.
Additional demographic information about the participants are given in Table 3.

Methodology. The same set of sentences as in User Study 1 were used whereby each
participant in Group A and Group B were assigned one set of sentences (S1 to S5) to
speak, irrespective of their gender. For comparison purposes, the environment was kept
constant throughout the study, that is, for the first part all participants were in the noisy
environment and for the second part, in the quiet environment. For example, speaker
1A spoken sentence set S1 in both the noisy and the quiet environments.

Findings and Discussion. As expected, WER for the quiet environment was 13.70%
whereas for the noisy environment, it was 37.01%. Statistical testing was carried out at
p < 0.05 with a paired t-test and the difference between the two environments was
statistically significant (p = 0.000004). In the noisy environment, insertions and sub-
stitutions are more likely given the background noises and this significantly affected the

Table 3. Demographic information of participants in User Study 2.

Group A Group B

Age 20 20.5
Gender Male (3) Female (2) Male (2) Female (3)
Region Urban (2) Rural (1) Rodrigues (2) Urban (3) Rural (2)
Level of Kreol Native Speaker (5) Native Speaker (5)
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WER and the overall accuracy of the acoustic model. For the noisy environment, there
was no statistically significant difference in the performance of the acoustic model for
gender (p = 0.30) and region (p = 0.24). The SER value for the noisy environment was
90% while for the quiet environment it was 42%. Gender and Region did not cause
statistically significant differences in the quiet environment (p = 0.46) and (p = 0.12).

For User Study 2, there were two participants (3B and 4B) from Rodrigues.
Rodrigues is an autonomous outer island of the Republic of Mauritius and their style of
Kreol can be different from people in the main island. Statistical testing was performed
between participants from Mauritius and Rodrigues for the same sentences using a
paired t-test at p < 0.05. Between participants 3A (from Mauritius, Rural region) and
3B, no statistically significant differences were observed for the ten sentences of S3 in
both the noisy (p = 0.11) and the quiet environments (p = 0.63). Similarly, there were
no statistically significant differences between participants 4A (from Mauritius) and 4B
for the ten sentences of set S4 in the noisy environment (p = 0.18) and the quiet
environment (p = 0.94) (Table 4 and Fig. 3).

Table 4. WER for participants in User Study 2

Sentence set WER

Noisy environment Quiet environment
Group A Group B Group A Group B

S1 32.21 34.21 15.79 7.90
S2 30.00 40.00 15.00 17.50
S3 44.44 30.56 13.89 11.11
S4 54.55 42.42 15.15 15.15
S5 29.79 31.92 12.77 12.77

Fig. 3. WER for speakers in User Study 2
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5 Conclusion and Future Work

In this paper, an initial investigation regarding Automatic Speech Recognition (ASR) in
Kreol Morisien was presented. The context under study was the health domain whereby
the aim of the ASR system was to be capture patients’ symptoms as described through
speech. Given the lack of a corpus in Kreol Morisien, the data collection process
included the manual creation of both audio and transcribed data which was then used
for training an acoustic model to recognize the language.

Given the widespread use of Kreol in Mauritius, speech technology can
undoubtedly have a significant impact. However, given its under-resourced status with
regards to the lack of resources for speech processing, the challenge is to investigate
potential approaches for generalized ASR in Kreol without having to start from scratch
as discussed by [12]. Future work will focus on how existing corpus for English and
French can be used as a starting point in order to decrease the extensive efforts required
to build a corpus for a new language from scratch.
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