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Abstract 
Until recently, speech was a rare means of communication between man 

and machine due to low level of technology. Similar pronunciation patterns 

among same ethnic groups could be explored in the local development of 

speech technology products in Nigeria because Speech-to-Text (STT) 

systems are dependent on the set of data used to train them. This is 

experienced in most STT-enabled devices (like the mobile phones, 

automobiles, television) when they are used by persons outside the group of 

data they are trained with and the performance of such devices deteriorate. 

This paper presents an STT algorithm that is robust to the accent of 

Nigerian English speakers. In the data acquisition stage of the work, about 

a total of 27,000 isolated speech data were collected from five ethnic 

groups; 30% were Yoruba speakers, 29% were Hausa speakers, 20% were 

from Igbo speakers and the rest 21% were from Fulani and Ijaw speakers. 

The data were pre-processed, after which the features were extracted using 

the Mel-Frequency Cepstral Coefficients (MFCCs) with 13 coefficients. The 

recognition technique adopted was the Hidden Markov Model (HMM) with 

varying number of states. The results of this work reveal that for the 10-

word vocabulary isolated speech considered with the number of state = 5 

an average accuracy of 86% was achieved. An 86% average accuracy was 

also achieved with the 10-word vocabulary and the number of HMM state 

=7. For the 10-word vocabulary with number of state = 9, an average 

accuracy of 90% was achieved. 
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Introduction 
The uniqueness of humans lies in their 

ability to communicate effectively 

with one another and there exist 

several media of communication in 

human. Speech is one of such media 

of communication and it comes in 

form of spoken language used to 

express a thought. It is one of the most 

effective ways to communicate and 

express ideas between humans. Since 

the 19th century, one of the major 

technological challenges is how to 

build a machine that acts like human. 

Another way humans express 

thoughts other than the spoken form of 

speech is in written form by 

documenting the expressed idea on a 

surface where it can be read and 

understood. These two forms of 

communication can, therefore, be 

linked; the conversion of a spoken 

word into writing is termed 

transcription. A machine that does 

transcription is called a Speech-to-

Text (STT) system. The first attempt 

at building STT system was at Bell 

Laboratories in the 1950s followed by 

another effort in the 1960s (Davis, 

Biddulph & Balashek, 1952). These 

efforts were aimed at assisting humans 

with dictation and transcription. 

Contributions continued to take place 

from both the Bell Laboratories and 

the IBM, until in the 1970s when an 

effort from IBM led by Frank Jelinek 

resulted in the building of a “Voice 

Activated Typewriter (VAT)”. The 

function of the VAT is to convert 

spoken words to typed words on paper 

or displayed (Jelinek, Bahl, & Mercer, 

1975) (Juang & Rabiner, 2005). 

The STT system became prominent 

due to its specific application in the 

areas of education as teaching aid (for 

children and the audibly challenged), 

machine interaction, audiovisual 

system operation and hands-free 

devices. One of the challenges of an 

STT system is that its operation is data 

dependent and evidence shows that its 

performance deteriorates when used 

outside the data set it is trained with 

(Jurafsky & Martin, 2008). This 

means when any foreign STT system 

is used locally, it will perform poorer 

because the phonetic and linguistic 

structures of the foreign and local 

speeches are not the same.  Hence, this 

paper aims at reducing the STT 

system’s performance deterioration 
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experienced by local (Nigerian) users and it is part of an ongoing speech 

research at the University of Ilorin, Ilorin (Amuda, Boˇril, Sangwan & Hansen, 

2010).   

 

Materials and Methods 

This section describes the methodology adopted in this paper; from the data 

acquisition stage to the final stage where the text is displayed. The paper 

presents a robust STT algorithm for Nigerian English speakers and it considers 

certain features of speech utterances of speakers from different tribes uttering a 

specific word and classifies the speech utterances based on these features. 

Figure 1 shows the block diagram of the Speech to Text algorithm consisting of 

data acquisition, pre-processing, feature extraction and recognition. The 

recognition comprises of the training (which contains Acoustic model and 

Pronunciation Dictionary) and the testing (decoding) blocks.  

 
Figure 1: Block Diagram of the Speech-to-Text System 

 

Data Acquisition 

 
Figure 2: A Screenshot of the Audacity® Software Platform 
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This stage is an important one because the performance of an STT system is 

highly dependent on the set of data it is trained with. The condition and nature 

of equipment, the tribe of the speaker, the recording parameters and so on, are 

all essential factors to consider at this stage. The speech samples were recorded 

on a Windows based laptop computer using a software known as ‘Audacity’. 

The sampling frequency was set at 8kHz in accordance with the Nyquist 

criterion and the speech samples were stored in 16 bits and ‘.wav’ format. 

Figure 2 depicts a screenshot of a speech recording from ‘Audacity’. 

Native speakers of five (5) local Nigerian tribes were considered in the audio 

speech data collection. The tribes are Hausa, Yoruba, Igbo, Fulani and Ijaw; 

persons from these five tribes were considered because they are among major 

ethnic groups in Nigeria. A head-mounted microphone was employed for 

capturing the speech from the speakers and was set at 30cm from the speakers’ 

mouths. Also, immediate environmental noise was ensured to be minimal and 

each word was repeated three times to ensure robust extraction of features. 

There is a pause between each word sample to enable end point detection.  

Another software application used in this work especially in the programming 

aspect was MATLAB®. Figure 3 shows a plot of the amplitude against time of 

some selected speech samples. The figure is a MATLAB plot of the word 

“automobile” as pronounced by a male adult Hausa, a female adult Igbo, a male 

adult Yoruba, a male Ijaw and a male adult Fulani respectively. This set of data 

was added to the University of Ilorin, Ilorin (UIL) Speech Corpus. 

 

Data Pre-processing 

This is the part of the algorithm that ensures the speech samples are in proper 

condition for extraction of features and it involves Pre-emphasis Filtering, 

Framing and Windowing. 

 



109  africanscholarpublications@gmail.com                                                                               

 2020 

 

Pre-emphasis Filtering. 

More energy is present at low frequencies than at high frequencies but the 

Signal to Noise Ratio (SNR) is lower at low frequencies in the spectrum of 

speech signals (Rabiner & Schafer, 2007). Pre-emphasis filtering using first 

order Finite Impulse Response (FIR) filter is implemented to reduce the effect 

of this property and this helps to make available more information by increasing 

energy at higher frequencies and it is implemented out using eqn (1) (Joshi & 

Cheeran, 2014). Let s(n) represent the input signal at sample n and y(n) 

represent the signal after the pre-emphasis filtering. 

𝑦(𝑛) =  𝑠(𝑛)–  𝛼𝑠(𝑛 − 1),     𝑛 =  1, 2, … . , 𝑁                                      (1)

  

where α is a parameter for controlling level of filtering and its value is between 

0.95 and 1 in practice which is determined empirically (Joshi & Cheeran, 2014). 

In this paper, α = 0.97 and the filter is characterised by the transfer function in 

eqn(2) 

 

 𝐻(𝑧) = 10.97𝑧−1                                                                                        (2)   

  

Framing and Windowing 

It is presumed that speech signals are quasi-stationary for short durations of 

time, hence, they naturally change very quickly. Therefore, speech signals are 

sliced into overlapping frames of short time intervals wherein each frame is 

independently evaluated and represented by a single feature vector. Frame 

width applied in this paper is 25ms. Number of speech samples in each frame, 

N = 200 and amount of samples between adjacent frames, Q = 100. 

To avoid distortions in the underlying spectrum and unnatural discontinuities in 

the speech frames, windowing is performed. Unwanted artifacts are avoided by 

multiplying a window function to smoothly taper both ends of the speech frames 

towards zero. The Hamming window is applied in this paper due its spectrum 

falling off rapidly resulting in better spectral resolution and a high resolution is 

not required.  (Holmes & Holmes, 2003). The Hamming window function is 

given in eqn(3): 

 

𝑤(𝑛) =  {
0.54 − 0.46𝑐𝑜𝑠(2𝜋𝑛

𝑁−1
);    0 < 𝑛 < 𝑁 − 1

0;                                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (3) 

The windowed speech frames xi(n) are obtained using eqn(4):   
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𝑥𝑖(𝑛) = 𝑦𝑖(𝑛) · 𝑤(𝑛)     (4) 

 

Mel Frequency Cepstral Coefficient 

One of the most used speech feature set is MFCC which is on the basis of known 

variation of the human ear’s frequency response to audio signals and it is 

modeled with filters in low frequency region spaced linearly and filters in high 

frequency region spaced logarithmically. MFCC generally has a minimal 

computational complexity and better speaker identification accuracy with 

respect to other feature extraction techniques (Davis & Mermelstein, 1980). 

MFCC feature extraction technique is a de-convolution process employed to 

compute the impulse response of the Vocal Tract (VT) from speech signals as 

speech signals are a convolution between the VT impulse response and the 

glottal pulse. MFCC’s computational steps are: Discrete Fourier Transform 

(DFT), mel filter bank processing and Inverse Discrete Fourier Transform 

(IDFT). 

 

Discrete Fourier Transform 

By applying short time Fourier transform, the conditioned frames of speech 

samples are transformed into frequency domain from time domain. The 

windowed signals, xi(n) are the input to the DFT computation and a complex 

number X(k) representing the magnitude and phase of the frequency component 

of the original signal is the output for each of N discrete frequency bands. The 

basis for performing DFT is to convert the convolution of the VT impulse 

response and the glottal pulse in the time domain into multiplication in the 

frequency domain. For conversion of each frame of N samples from the time 

domain to the frequency domain, eqn(5) is applied. 

 𝑋[𝑘] =  ∑ 𝑥𝑖(𝑛)𝑒−𝑖2𝜋
𝑁

𝑘𝑛𝑁−1
𝑛=0       (5) 

 

Mel Filter Bank Processing 

The purpose of this stage is to adapt the frequency resolution of the frames of 

speech samples to a perceptual frequency scale with the goal of modeling the 

property of the human ear. The  human ear is not equally sensitive at all 

frequency bands in terms of frequency response. The human ear has higher 

resolution and is more sensitive at low frequency than at higher frequency. This 

perceptual frequency scale is known as the Mel-frequency scale and it is 
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accomplished using a bank of filters. The mels, Mel(f) for a given frequency, f 

in Hz is computed using eqn(6). 

 𝑀𝑒𝑙(𝑓) = 2595𝑙𝑜𝑔10(1 + 𝑓

700
)    (6)  

The logarithm of the sum of filtered components for each filter, s(m) is 

computed to compress the dynamic range of values by applying eqn(7). Also, 

logarithm values make the spectrum to be robust to variations in power of the 

input (Ibiyemi, Aliu & Akintola, 2012).   

 𝑆(𝑚) = 𝑙𝑜𝑔10[|𝑋(𝑘)|. 𝐻𝑚(𝑘)];     0 ≤ 𝑚 ≤ 𝑀  (7) 

 

Discrete Cosine Transform 

The output of the Mel-filter bank is real with mirror symmetry and therefore, 

the complex arithmetic of IDFT reduces to Discrete Cosine Transform (DCT) 

and DCT converts the output into the time domain. For more efficient 

computation, DCT takes the advantage of the redundancy present in a real signal 

and the set of coefficients obtained is called Feature Vectors (Joshi & Cheeran, 

2014).  

Equation (8) performs the DCT leading to the realization of the MFCC, C(k): 

 𝐶(𝑘) = 𝑠(𝑚) cos (
𝜋𝑘(𝑚+0.5)

𝑀
) ;    0 ≤ 𝑘 ≤ 𝐾  (8) 

For this study, K = 13 implying there are 13 coefficients for each frame.   

 

Recognition 

This stage is further divided into two stages; training phase and testing phase. 

In the training phase, MFCCs of all words involved are used to derive the word 

acoustic models. In the testing phase, MFCCs of an unknown utterance are 

extracted with its acoustic model derived and compared with the databases of 

all the acoustic models. The acoustic model decoded with the best score is 

designated as the recognized text (Yusnita, Paulraj, Sazali & Shariman, 2012). 

Figure 4 shows the detailed process of the recognition stage adopted in this 

paper which is the Hidden Markov Model (HMM). The HMM is an extension 

of the Observable Markov Model which is applicable to events whose sequence 

of occurrence can be observed. On the other hand, for a sequence of 

observations derived in HMM, the sequence of states producing such sequence 

of observation is not known, hence the term “hidden” in the HMM.  
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The Hidden Markov Model (HMM) is characterized by the following 

formulation (Rabiner & Juang, 1993): 

Fig. 4: Flow Chart of the Recognition Stage 

Initialize HMM 

 ℳ = {𝑨, 𝑩, 𝝅} 

Re-estimate ℳ by 

Calculating 𝛼, 𝛽 , 𝛾, 𝜉 

PP 

Observation (𝑶𝒕𝒓) 

Is 

𝑃(𝑶𝒕𝒓|ℳ) 

Optimal? 

Calculate 𝑃(𝑶|ℳ) 

Store HMM for W= 1 to 20 

i.e. ℳ1, ℳ2, … , ℳ20 

Stop 

Retain the Model  

ℳ1 = Accent 

ℳ2 = Analysis 

ℳ3 = Approaches 

⋮ 

ℳ20 = Ratio 

 

PP 

Decoding. Select the 

Maximum likelihood. 

𝑸∗
∗

= arg max
1≤𝑤≤20

𝑃(𝑶𝒕𝒆|ℳ𝑤) 

Score the HMMs for w= 1 

to 20, by finding the 

likelihoods, 
𝑃(𝑶𝒕𝒆|ℳ1), … , 𝑃(𝑶𝒕𝒆|ℳ20) 

 

Stop 

Observation (𝑶𝒕𝒆) 

Display Selected Word 

Check the Equivalent Word 

for the selected Model ℳ𝑤 
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• Individual state is denoted as 

S =  {s1,  s2 , … ,  sN}                                                                                             (9)  

Where N, the number of states in the model and state at time t, is qt.  

• Individual symbol denoted as 

 O = {o1, o2, … , ot}                                                                                          (10) 

❖ The state transition probability distribution  

A = {aij}                                                                                                               (11) 

 where   

aij = P(qt+1 = j|qt = i),   1 < i, j < N                                                          (12) 

This is the probability of moving from state i at time t to state j at time t + 1. 

❖ The Emission probability observation symbol probability distribution 

in state i,  

𝐁={bi(ot)}                                                                                                        (13) 

 where  

bi(ot) = P(ot|qt = Si),   1 < i < N                                                            (14) 

This is the probability that the observation ot is generated from state i. 
❖ The initial state distribution  

 = {i}                                                                                                                  (15) 

 where  

π𝐢 = P(q1 = i), 1 < i < N                                                                    (16) 

 This is the probability of the states at time, t =1. 

The compact notation of the HMM is given as:  

ℳ={A, B, 𝛑}                                                                                             (17) 

Where ℳ is the Model 
Therefore, for each word w in the vocabulary, a model ℳ𝒘  is built by estimating the 

parameters of the model, {A, B, 𝛑} that optimize the probability of the training 

observation vectors for the 𝑤th word. What this step means is that, with the feature 

vectors obtained from the MFCC stage, train each model, ℳ𝒘, using the Baum-Welch 

re-estimation algorithm (Rabiner, 1989). This training will adjust the parameters 

{A, B, 𝛑} until the likelihood of the vectors is optimized. As by definition, the current 

model is ℳ =  {A, B, 𝛑}, the re-estimated model is then denoted as ℳ̂ =  {�̂�, �̂�, �̂�}. 

The re-estimation is repeatedly carried out to improve the probabilty that the 

observation was produced by the model until difference between 𝑃(𝑶|ℳ̂) and 

𝑃(𝑶|ℳ) is less than the set tolerance level, in which case the iteration converges and 

model, ℳ̂is kept. 

For the decoding stage, Given an observation sequence O = {o1, o2, … , oT} 

and a model ℳ =  {A, B, 𝛑},  Choose an optimal state sequence 𝐐 =
(q1, q2, … , qT), which best explains the observations. i.e. decoding the best state 

sequence to show the unobserved part of the model (Kurcan, 2006).  

𝐐∗ ∗= arg max
𝑸

𝑃(𝐐, 𝐎|ℳ)                                                               (18) 
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Dictionary and Transcription 

This is the stage where the most likely word selected in eqn (18) is displayed 

on the screen. Every word in the vocabulary is already linked to their respective 

model; once a model is chosen as the most likely, the corresponding word is 

thus selected and displayed. To implement this, a MATLAB code is written 

such that it “looks-up” the word corresponding to a model and then displays it. 

 

Results and Discussions 

For the training and testing, a total of 30 pronunciations per word were 

randomly drawn for each of Hausa, Yoruba, Igbo, Fulani and Ijaw tribes from 

the database making a total of 150 per word and then, eighty percent (80%) of 

the 150 were randomly selected for training. The remaining twenty percent 

(20%) of data were used for testing using a 10-word vocabulary with varying 

values of N and the results are as presented and discussed in this section. 

 

Table 1: Confusion Matrix for the 10-word Vocabulary, N =5  
Educ

ation 

Exa

mple 

Fa

ith 

Fi

sh 

Func

tion 

Gover

nment 

Hin

der 

Jes

us 

Junc

tion 

Ra

tio 

Educat

ion 

26 0 0 0 0 0 0 0 1 3 

Examp

le 

0 30 0 0 0 0 0 0 0 0 

Faith 1 1 26 0 0 0 0 0 0 2 

Fish 2 0 0 21 1 0 1 0 0 5 

Functi

on 

1 0 0 0 21 1 0 0 7 0 

Gover

nment 

0 1 0 0 0 28 0 1 0 0 

Hinder 0 2 0 0 0 0 28 0 0 0 

Jesus 1 0 1 0 0 0 0 28 0 0 

Juncti

on 

2 0 0 0 5 0 0 0 23 0 

Ratio 3 0 0 0 0 0 0 0 0 27 
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Figure 5 is the result of the 10-word vocabulary for N = 5 with “Example” 

attaining the maximum accuracy value of 100% and “Fish” & “Function” 

having the lowest values. Table 1 is the confusion matrix for the same set of 

testing stage. It shows “Education”, out of the 30 speech samples put to test, 26 

were correctly recognized, one (1) of the samples was recognized as “Junction” 

and three (3) as “Ratio”. This misclassification is as a result of the /shi/ that is 

common to both the “Education” and “Junction”. Similar deductions could be 

made from this table. Average accuracy achieved in this case is 86%. 

Table 2 is the confusion matrix for the 10-word vocabulary for N=7 and it shows 

that for the word “Function”, out of the 30 word put to test, on 23 were correctly 

recognized, 1 of the word was recognized as “Education” and the rest six (6) as 

“Junction”. This misclassification is as a result of the /shun/ that is common 

between “Education” and “Function”. and likewise, the similarities in 

pronunciation of the words “Function” and “Junction”. Figure 6 is 

representation of the result of Table 2 by percentage. For this model, the most 

and least accurate word recognized are the word “Example” and “Fish” 

respective. The overall accuracy achieved is 86% also.  
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Table 2: Confusion Matrix for the 10-word Vocabulary, N =7 
 

Educatio

n 

Exampl

e 

Fait

h 

Fis

h 

Functio

n 

Governme

nt 

Hinde

r 

Jesu

s 

Junctio

n 

Rati

o 

Education 28 0 0 0 0 0 0 0 1 1 

Example 0 30 0 0 0 0 0 0 0 0 

Faith 5 0 23 1 0 0 0 0 0 1 

Fish 0 0 0 21 1 0 0 3 0 5 

Function 1 0 0 0 23 0 0 0 6 0 

Governme

nt 

0 1 0 0 0 27 0 0 2 0 

Hinder 0 2 0 0 0 0 28 0 0 0 

Jesus 0 0 1 0 0 0 0 29 0 0 

Junction 5 0 0 0 1 0 0 0 24 0 

Ratio 4 0 1 0 0 0 0 0 0 25 

 

 
 

Table 3: Confusion Matrix for the 10-word Vocabulary, N =9  
Educatio

n 

Exampl

e 

Fait

h 

Fis

h 

Functio

n 

Governme

nt 

Hinde

r 

Jesu

s 

Junctio

n 

Rati

o 

Education 30 0 0 0 0 0 0 0 0 0 

Example 0 29 0 0 0 0 1 0 0 0 

Faith 4 1 25 0 0 0 0 0 0 0 

Fish 5 0 1 22 1 0 0 1 0 0 

Function 0 0 0 0 25 0 0 0 5 0 
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Governme

nt 

0 0 0 0 0 30 0 0 0 0 

Hinder 0 0 0 0 0 0 30 0 0 0 

Jesus 2 1 0 0 0 0 0 27 0 0 

Junction 1 0 0 0 3 0 0 0 25 1 

Ratio 3 0 0 0 0 0 0 0 0 27 

Figure 4.8: A chart showing the percentage precision for each word for 

N=7 
 

Table 3 is the raw result for the 10-word vocabulary for N=9. From the table the words 

“Education”, “Government” and “Hinder” all have 100% accuracy, meaning that the 

whole 30-word test files were correctly recognized. Figure 7 is the plot of the system’s 

accuracy for N=9 in bar chart. The least recognized word her is the word “Fish” with 

73.33% accuracy. The overall system average accuracy is 90%. 

 

 
 

Conclusion 

The aim of this paper is to build a robust STT algorithm that recognizes and transcribes 

English spoken words by speakers of the Nigerian English and this was achieved with 

an average transcription accuracy of 81.5%. The focused local Nigerian tribes include 

Hausa, Yoruba, Igbo, Fulani and Ijaw and the developed algorithm comprises of stages 

which include the Data Acquisition stage, the Preprocessing stage, the Feature 

Extraction stage and finally the Recognition stage. 

Over 27, 000 isolated word samples of speech were collected in total; 30% of which 

were from Yoruba speakers, 29% were Hausa speakers, 20% were from Igbo speakers 

and the rest 21% were Fulani and Ijaw speakers. 

The system overall transcription performance was tested using the HMM by varying 

number of HMM states. The changing of the number of states for the 10-word 

vocabulary improved the average performance from 85.7% to 90% accuracy. Hence, 
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the aim of the paper is achieved given that, from the results presented, the average 

recognition accuracy achieved for all of the tested number of HMM states ranges from 

81.5% to 90%. This paper has contributed immensely to the ongoing improvement of 

the University of Ilorin speech corpus by adding the over 27,000 collected data set. 

Researchers can use these data for researches in their field. More so, this developed 

algorithm can be used to create locally-built hardware to ease the difficulty 

experienced by Nigerian users of STT enabled devices. 

 

Recommendations 

The following recommendations are pertinent: 

• Continuous (conversational) speech should be considered for STT systems and 

the performance observed. 

• Different FE techniques should be considered by exploring the possibility of 

hybrid features for speech samples. 

• Other recogniton techniques should be developed or adopted for Nigerian 

English speakers to be compared with the developed algorithm. 
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