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ABSTRACT 

Automatic Speech Recognition (ASR) systems have 
been built for most of the developed world’s 
languages. There still  remains a large body of languages 
that lack a dedicated ASR system. A speaker 

independent small -vocabulary ASR system for 
Macedonian is built for a smart-phone Human-Machine 
Interface application scenario. The system is 

constructed with a database with a 188 word 
vocabulary, recorded with 30 native speakers, and a 
total length of 2,5 hours. The system backend is based 
on triphone context phone level HMM models trained 

with HTK. Three different frontends were evaluated in 
various types of noise and SNRs. The results show 
maximum accuracy of the ASR system of 94.52%, which 
makes a practical real -world implementation viable. 

This result is an important milestone in the 
development of ASR systems for Macedonian. 
 

1.  INTRODUCTION  
The field of Automatic Speech Recognition (ASR) is 

an area of active scientific research for the last 70 
years, [1]. The complexity of the problem of ASR 

necessitates the use of algorithms and methods from 
various fields such as digital signal processing, 
statistical modeling, machine learning, natural language 
processing etc., [2]. A generic ASR system consists of a 

signal processing frontend and a modeling and 
recognition backend. The frontend’s task is to analyze 
the input audio and to extract from it the acoustic 

information relevant to the recognition task at hand. 
This information is to be represented in terms of a 
compact, efficient set of speech recognition 
parameters, called features. The backend uses these 

features to analyze and recognize the phonetic content 
of the input speech signal through comparison with a 
trained set of models, [3]. 

ASR systems have been buil t for most of the 
developed world’s languages. Nonetheless, there still 
remains a large body of languages that lack a dedicated 
ASR system or support for them in multil ingual ASR 

systems. Due to the rise in availability of computing 
power, and especially freely available ASR development 
tools, ASR systems have started to appear for less 

prominent languages. Such is the case with 

Macedonian. The first pioneering work in Macedonian 
ASR is based on hybrid Artificial Neural Network 
(ANN)/Hidden Markov Model (HMM) modeling, [4]. 
This system was speaker dependent and trained to 

recognize the 10 digits with a 85% success rate. Further 
development resulted with a speaker independent digit 
recognizer based on templates and Dynamic Time 

Warping (DTW), [5]. This system’s database consisted 
of 8 speakers and had a total length of 190 words. 
Recognition rate varied from 67.5% for speakers 
outside the training set, to 90% for speakers within it.  

The problem of Macedonian ASR was reactualized 
in [6], with a speaker dependent digit recognizer based 
on Mel Frequency Cepstral Coefficients (MFCCs) and 
HMM modeling, built using the HMM Toolkit (HTK). 

With a database 610 words in length, it gave an 
accuracy of 100%. The system was then expanded to a 
vocabulary size of 36 words geared towards a voice 

dialing application scenario, with a 2010 word database 
for training and testing, resulting in 98.95% accuracy, 
*7+. This ASR system’s performance was further 
evaluated in terms of its noise robustness in [8], where 

the choice of Perceptual Linear Prediction Coefficients 
(PLPCs) was shown to give 100% accuracy even for 
different types of noise for high signal -to-noise ratios 
(SNRs). 

This paper presents a speaker independent ASR 
system for Macedonian built for a smart-phone 
Human-Machine Interface application scenario. The 

system works with a 188 word vocabulary, and was 
trained with an 11280 word long database, recorded 
with 30 native speakers of Macedonian. Three different 
frontends were implemented and tested MFCCs, 

Gammatone Cepstral Coefficients (GTCCs), and Power 
Normalized Cepstral Coefficients (PNCCs). The system’s 
backend is based on triphone-context phone-level 

HMM models trained with HTK. The ASR system’s 
performance was evaluated in 5 types of noise at 6 
SNRs. The whole process of altering the parameters 
and training and testing of the HMMs was automated 

using the developed MATLAB Shell for rapid ASR 
system prototyping, [9]. 
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2.  FRONTENDS 

In total three different frontends were 
implemented and tested, based on extraction of 

MFCCs, GTCCs and PNCCs. MFCCs are based on Mel 
frequency scale power cepstrum analysis and are a 
prevalent choice in today’s ASR systems, *10+. The 
standard HTK MFCC extraction algorithm was used. The 

signal was first filtered with a first-order pre-emphasis 
filter, and windowed using a Hamming window 25 ms 
in length, at a 10 ms step size. The amplitude spectrum 

of the signal was extracted using the Fast Fourier 
Transform (FFT) and processed through a triangular 
Mel fi lter bank. 12 Cepstral Coefficients were then 
obtained using the Discrete Cosine Transform (DCT) 

from the log FB amplitudes, which were then liftered 
with a l iftering coefficient of 22. Finally, an energy 
coefficient was added and first and second order 
derivatives were calculated, giving a total of 39 

coefficients. 
The GTCC extraction scheme follows closely the 

MFCC extraction scheme; the main difference being 

that the fi lter bank comprises Gammatone fi lters with a 
frequency distribution calculated using the Equivalent 
Rectangular Bandwidth (ERB) auditory model, [11]. 
GTCCs also use equal loudness weighting as PLPCs, but 

log compression instead of the cubic root. DCT was 
then used to obtain the cepstral coefficients that were 
liftered and their first and second order derivatives 
were calculated.  

PNCCs are the state-of-the-art noise-robust features 
for ASR, developed to have superior performance in 
noise compared to traditional feature extraction 

algorithms, [12]. Similar to the latter PNCCs use pre-
emphasis, a Gammatone fi lter bank, a power-function 
nonlinearity and DCT, but in addition they also use peak 
power normalization and medium-duration power bias 

subtraction with power flooring which greatly improves 
their robustness to noise.  
 

3.  BACKEND 
The ASR system backend is based on triphone-

context phone-level HMM models with output 
probabilities modeled with continuous density 

Gaussian Mixture Models (GMMs). It was fully realized 
using the HTK Toolkit, [13]. It consists of a set of l ibrary 
modules and tools available in C source form, which 
can be used to estimate the parameters of a set of 

HMMs based on training utterances and their 
transcriptions, as well as to use the trained HMMs to 
transcribe unknown speech input.  

For rapid system prototyping the developed 
MATLAB HTK Shell was used, [9]. It comprises over 15 
MATLAB script files that allow the user to use HTK 
without needing to exit the MATLAB development 

environment. It features fully automated generation of 
all the files needed by HTK for model initialization, 
training and evaluation, such as configuration, 
transcription, script and HMM model files. It also logs 

ASR system performance results from the data 
obtained from the evaluation of the system with HTK.  
 

4.  DATABASE 
The database is constructed around a 188 word 

vocabulary which was recorded twice by 30 native 
speakers, 15 of which were male and 15 female. The 

speakers were selected from different dialect regions in 
Macedonia in order to take into account intralingual 
phonetic variability, Fig. 1. Half of the speakers (16) 

were selected from the general vicinity of the capitol of 
Skopje to accurately portray Macedonian 
demographics. The speakers were selected within a 
homogenous age group, and were in their 20s.  

The vocabulary includes number words that cover 
all  3-digit numerals, 100 personal names, and 51 voice 
commands specific to the smart phone voice control 
application scenario. The words were randomly 

distributed in 1-word, 3-word and 5-word sentences, 
giving a total of 124 utterances for the 376 words per 
speaker. For the 30 speakers the total number of 

utterances in the database is 3720 with a total word 
count of 11280, Table 1.  

 

 
 

Figure 1:  Geographical distribution of speakers in the 
database. 

 

 
Table 1: Separation of the database into training and 

test subsets in respect to the number of speakers, 
utterances, words and duration. Size of noisy test 

subset, and the total size of the database is also given. 
 

Subset Speakers Utterances Words Hours % 

Training 24 2976 9024 2 80% 

Test 6 744 2256 0.5 20% 

Total 30 3720 11280 2.5 
 

Test – noisy  22320 67680 14.1 
 

Test - total  23064 69936 14.6  

Total  26040 78960 16.6  
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The database was divided into a training and test 

subsets by randomly choosing 6 of the speakers (i.e. 
20%). This gave a 2976 utterance, 9024 word training 

subset and a 744 utterance 2256 word subset, Table 1. 
A noisy test subset was created by adding noise to 

the original test subset. In total five different types of 
noise were used: white, pink, babble, in-car, and city 

traffic noise, [14, 15]. Noise segments were taken from 
these recordings at random positions with the 
appropriate duration to fit the utterance it was added 

to. The level of the noise was adjusted to the level of 
the speech in the utterance, and it was added at 6 
different SNRs: - 5, 0, 5, 10, 15, and 20 dB. Coupled 
with the 5 different types of noise added, this 

amounted to 30 noised versions of the test set, which 
together with the clean test subset totaled 26040 
utterances, and 78960 words, Table 1. 

The database was recorded during the course of a 

couple of weeks. A regular consumer microphone was 
used in a quiet office environment. The audio was 
recorded at a 16-bit resolution and a 44.1 kHz sampling 

rate, and was later downsampled to 8 kHz. The total 
size of the (clean) database is 136 MB, with a duration 
of 2h 28min, while the total size with the noisy test set 
amounted to 16h 34min and  912 MB. 

 

5. HMM TRAINING 

At the start HMMs were defined for each of the 
phones necessary to phonetically cover the chosen 

vocabulary. A total of 30 phones were used from the 34 
phone set of standard Macedonian. An additional 
silence model was also created. Each HMM was 
defined to have 3 states and three equal -weight 

streams per state, which were used to separate the 
static and dynamic components of the feature vectors.  
Continuous density GMMs with diagonal covariance 

matrices and a single mixture component were used to 
model the output distributions for each stream. 

The HMMs were initialized using a flat-start 
procedure, which set the means and variances of all of 

the GMMs equal to the global mean and variance for 
the training set. In addition, a variance floor vector was 
generated in this stage at 1% of the global variance 

vector to l imit the variances estimated in the training 
procedure. The initial HMMs were trained in 6 training 
iterations using the Baum-Welch re-estimation 
algorithm, which gave the final phone HMM set.  

In the next step an HMM was generated for each 
triphone context that the phones appear in. Because 
the number of some of the triphones in the vocabulary 
is small, model tying is necessary and was performed in 

two steps. In the first step, the transition matrices of all 
of the HMMs for a given phone were tied, because of 
the small expected variability in the phone’s temporal 

structure due to coarticulation effects. This step was 
followed by 2 additional training iterations. 

In the second step, individual states of the HMMs 
were tied based on their acoustic similarity. This was 

done using decision tree clustering of the states based 
on questions about the left and right contexts of the 
phone in the triphone. A total of 144 questions were 

constructed based on Macedonian phonetics, such as:  
 
QS  "R_NonBoundary"           { *+* }  
QS  "R_Silence"                      { *+sil  } 

QS  "R_Stop"    { *+p,*+b,*+t,*+d,*+k,*+g,*+kj,*+gj } 
QS  "R_Nasal"                 { *+m,*+n,*+x,*+nj }  
QS  "R_Fricative"   { *+s,*+sh,*+z,*+zh,*+f,*+v,*+h }  

QS  "R_Affricate"          { *+ch,*+dzh,*+c,*+dz }  
 
After the tying was performed, the HMMs were 

trained again in two iterations, thus finalizing the 

training procedure. 
 

6. RESUL TS 

HMM models were trained as described for each of 
the three frontends. The ASR system’s performance 
was then assessed using HTK’s recognition tool for each 

of the noise types and SNRs, as well as the clean test 
set. As a measure of the system’s performance the 
word level recognition accuracy was taken as 

calculated by Equation (1), where N is the total number 
of words, D is the number of deletions, S is the number 
of substitutions and I is the number of insertions. 

 

100%
N D S I

Acc
N

  
 

   
[%] (1) 

 
Table 2 gives the ASR system performance for each 

of the different frontends for the clean test subset. 
Figure 2 present the results of the analysis graphically 

for each frontend, in each noise type and every SNR. 
From the results it can be seen that maximum system 
performance is reached when using the PNCC frontend 
at 94.52% for clean speech. This frontend also 

outperformed the others for the noisy test subsets, 
excelling in its noise robustness, as was expected.  

It is interesting to note that the GTCCs  performed 

only slightly better than the MFCCs in all  noise 
scenarios even though they have demonstrated better 
noise robustness when evaluated in a digit recognition 
task scenario. This was  also seen for HTK PLPCs who 

performed almost identical to the MFCCs and were 
thus excluded from this presentation. 

 
7. CONCLUSION 

The paper presents the design and performance 
results of a speaker independent small vocabulary ASR 
system geared towards a human-machine smart-phone 

interface application scenario in Macedonian. The 
database was recorded with 10 native speakers of 
Macedonian and comprises 11280 words, divided in 
training and test subsets. Three different frontends  

were implemented and used with a backend based on 
triphone-context phone-level HMM modeling. 
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Table 2: ASR system performance for the clean test 

subset for the 3 different frontends. 
 

  MFCC GTCC PNCC 

Accuracy [%] 94.3 93.81 94.52 

 

The ASR system performance was evaluated with 5 
different noise types at 6 different SNRs, with 3 
frontends. The results show that the maximum 
accuracy reached is 94.52% for the PNCC based 

frontend. Traditional MFCCs and GTCCs also gave 
comparable performance for clean speech. PNCCs 
clearly outperformed the other two for all  other 
feature types. The system performance is seen as 

promising and with some improvement a practical real -
world implementation can be considered. This is an 
important milestone in the development of ASR 

systems for Macedonian as it is the first speaker 
independent system with a vocabulary of such size to 
be developed for this language. 
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Figure 2: ASR system performance for the 3 different frontends in the 5 noise types and 6 SNRs. 
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