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Abstract: 

Speech Recognition is a very burdensome task as speech is continuously varying signal. Hence, selecting an appropriate dig ita l 

signal processing algorithm for automatic speech recognition system is crucial. This paper focuses on recognizing voice 

corresponding to certain control words and decimal numeric zero to nine using Mel-frequency Cepstral Coefficients (MFCC) and 

Dynamic Time Warping (DTW) algorithms for feature ext raction and feature matching respectively.  MFCC are the coefficients 

that collectively represent the power spectrum of a sound, by deploying a linear cosine transform of a log power spectrum on a 

nonlinear Mel frequency scale. The above task is implemented using C++ which provides good development flexibility and 

requires relatively short execution time. For the recognition of words, a database comprising of five speakers; and that for the 

numbers, a database of total six speakers, 3 males and 3 females, speaking the corresponding words and numbers each, is 

collected. MFCC are features that are extracted from the signal of spoken words. Additionally, the distance between each of these 

stored samples for each unique word is calculated and weights are assigned to them; least weight is assigned to the least dis tanced 

sample when compared with the rest. A test voice sample of any of the stored word or numeric is again recorded and then the 

algorithm is applied to recognize the same. To cope with varying speaking speeds in speech recognition, Distance Time Warping, 

a method that measures s imilarity between two sequences which may vary in time or speed, is used. 
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I. INTRODUCTION 

 

Speech recognition refers to understanding voice and 

performing required task, or the task of matching a voice 

against an acquired vocabulary. The task is getting a computer 

to understand a spoken language. Speech technology has been 

one of the major significant scientific research fields of AI; it 

has been a major co-domain of computer science, apart from 

the traditional linguistics and other domains that study the 

spoken language. But speech is a varying phenomenon and a 

same word can be spoken in various different ways depending 

on accents, social dialects, gender, etc. Thus, speech 

recognition with precision is difficult to perform.  

 

Speech recognition systems can be separated into different 

classes based on what type of utterances they are capable of 

recognizing. This paper focuses on isolated word detection 

system with words and numeric input. Best application of this 

system includes automated voice recording answering system 

that allows you speak out the numbers instead of pressing 

buttons to move through options menu to get what you need, 

and giving commands to a robot. Input for isolated word 

detection single word utterance with silence on both side of 

sample window. This is relat ively simple compared to 

continuous speech recognizers. 

 

Speech recognition module involves two main digital signal 

processes: Feature extraction and Feature matching. The 

former processes the word uttered by the user and generates its 

features. The uttered speech is first converted into digital 

domain and the dig italized sampled speech is processed to 

extract features using MFCC approach which provides an 

estimate of the vocal tract filter. Once the desired number of 

features are obtained, they can be sent to the later stage of 

processing where DTW is used to compare the recorded 

speech with the saved templates to obtain the best match[1]. 

 

II. LITERATURE S URVEY 

 

Over the years, various techniques and methodologies have 

been developed for isolated word detection [2]
. 

However, 

MFCC and DTW approach is considered enough and efficient 

for isolated word recognition [3]. MFCC and DTW algorithms 

are proved to be comparatively simple enough for the 

implementation of speech recognition engine in embedded 

systems, than other methods  [4][5]. However, MFCC alone is 

not sufficient for assuring greater efficiency in the algorithm if 

continuous speech detection with speaker discrimination is 

needed, in which case combination of various features is to be 

adapted[6].  

 

III. APPROACH 

 

This paper uses an approach of word detection involving two 

stages which are Feature Extraction and Pattern Matching. The 

overall speech recognition process employed is: 

 
Figure.1. S ystem Structure 
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A voice analysis is done after taking an input through 

microphone from a user, followed by manipulation of the 

input audio signal. The speech file  used for this paper is in. 

wav format as it has a specific container format for storing the 

data in chunks and hence is easy to use and manipulate. At 

different levels, different operations are performed on the 

sampled input signal such as Pre-emphasis, Framing, 

Windowing, Mel Cepstrum analysis and recognition of the 

spoken word is finally done by calculating the distance 

between the spoken word and stored database words using 

DTW algorithm. 

 

A. Feature Extraction 

The speech classification method involves extracting speech 

features from the audio signal data and entering them as input 

to a pattern classifier. You can either directly obtain these 

features from the available time domain signal or from a 

transformation to a domain of choice based on the signal 

analysis approach. This paper makes use of one of the most 

popular and commonly used technique for feature extract ion, 

Mel-frequency Cepstral Coefficient (MFCC). MFCC is based 

on the human peripheral auditory method. Because of human 

perception behavior, which does not follow linear scale that is 

above 1000 Hz, we take log scale above 1000Hz and call it as 

Mel Scale . Mel is a unit of pitch defined so that the pairs of 

sounds which are perpetually equidistant in pitch are separated 

by an equal number of Mels. Mel scale specifies linearity up to 

1000Hz and logarithmic above 1000Hz. Hence, for each tone 

of actual frequency, a subjective pitch is measured on different 

scale called as Mel Scale. Features obtained by MFCC 

algorithm are similar to known variat ion of the human 

cochlea’s critical bandwidth with frequency. The feature 

vectors are ext racted from the frequency spectra of the 

windowed speech frames. Steps involved in feature extraction 

process using MFCC are: 

 
Figure.2. Feature extraction 

 

a)  Pre-Emphasis 

This is done for balancing the high and low frequency 

components of the input signal. In speech processing, the 

original signal has much lower frequency energy and thus, 

processing the signal to emphasize higher frequency energy 

becomes a necessity. Each value in the signal is re-enhanced 

using the formula  

 

y[n] = x[n] – α * x[n -1] 

 

with the value of α  set between 0.9 to 1 

By subtraction we eliminate that part of the signal that did not 

change in relation to its adjacent samples (specified by α). 

Thus, after this step what remains is the signal that changes 

rapidly. 

 

b) Framing:Speech signal is split into several frames. This is 

done so that instead of analyzing the entire signal, each frame 

can be analyzed. For speech processing, frame size of 20 to 

40msec is considered. 

 

c) Windowing: Since many actual signals are sampled over a 

different interval than their actual period or are not periodic at 

all, false frequency components are produced at the artificial 

edge between repeated intervals. To suppress the creation of 

these artificial frequency components when we perform DFT, 

we multip ly the time domain signal by a windowing function 

which transits to zero at both the ends. Normally, Hamming 

window is used. Its analytical representation is given as: 

                   
   

   
  

 

d) Fast Fourier Transform 

The basis of performing FFT is to convert each frame of N 

samples in time domain to frequency domain using: 

 

            
     

 

 

   

   

 

 

Where x[n] is signal in time domain and the value of N is 

taken as 512 and k=0,1,2,…N FFT greatly reduces the amount 

of the calculations required by making use of periodicities in 

the sines that are multip lied to do the transforms. Functionally, 

FFT decomposes the set of data to be transformed into a series 

of smaller data sets to be transformed. Then, it decomposes 

those smaller sets into even smaller sets. The results of the 

previous stage are combined at each stage of processing in a 

unique way. Finally, it computes the DFT of each small data 

set.  Thus, FFT is executed to obtain the magnitude frequency 

response of each frame and to prepare the signal for the next 

stage i.e. Mel frequency warping.  

 

E) Mel Filter Bank  

The frequencies range in FFT spectrum is very wide and voice 

signal does not follow the linear scale. For better perception, a 

set of filters, called Mel filter bank is used. Many variations 

exist for the filter banks used
[7]

. In this paper, we will be using 

26 overlapping triangular bands such that each has equal area
 

[8]
. Each filter here is given by the following equation: 

 

       

 
 
 

 
 
                                 

         

             
                    

         

             
                    

  

 

Where Fs is the Nyquist sampling rate.  

 

Use the following equation to convert frequencies to Mels: 

 

                   
    

   
  

 

Create FFT bins and linearly space the mel frequencies in 28 

points (since we use 26 filterbanks and the 2 additional points 

correspond to frequencies at 0 and Fs/2 Hz) 

 

Compute the center frequencies of each filter as: 

 

f(i) =[ i * dfft Frequencies In Mel[FFTLen - 1] / (number of 

Filters + 1) ] 
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f) Discrete Cosine Transform 

Finally, the MFCCs of x[n] are defined as the DCT of the 

energies of the filterbank outputs as follows: 

 

                      
 

 
 

 

 
 

 

   

 

where n = 1, 2…K; (here, K =26)  

          Sk = FFT coefficients 

In speech processing, usually only the first 13 coefficients are 

used. Rest are ignored. The first coefficient corresponds to the 

signal energy.  Thus, at the end of this step, you obtain 13 

MFCC coefficients for each frame. 

 
B. Feature Matching: The features of the speech signal 

obtained from previous stage are in the form of N dimensional 

feature vector. For a segmented signal that is divided into M 

segments, M vectors are determined producing the M x N 

feature matrix. The M x N matrix is created by extracting 

features from the utterances of the speaker for selected words 

during the training phase. After extract ion of the feature 

vectors from the speech signal, for speech recognition, you 

need to carry out matching of the feature words with the stored 

reference templates. In this paper, we use Dynamic Time 

Warping method to do so. 

 
C. DTW algorithm is based on measuring the similarity 

between the uttered word and reference template which may 

vary in speed or time. DTW measures this similarity in terms 

of alignment between two time series if one time series may 

be warped non-linearly by stretching or shrinking it along its 

time axis
[4]

. Dynamic t ime wrapping fo r two voice samples is 

illustrated as: 

 

 
 

Figure.3. Distance time warping approach 

 

This process is done as follows in this paper: 

 

First, the absolute distance between the two sequences is 

calculated using Euclidean Distance as follows: 

 

d(i, j) = [ (i1 – j1)
2
 + (i2 – j2)

2
 + ... + (in – jn)

2
 ]

1/2
 

 

To compute the global distance: 

 

1. Make g(0,0) = d(0,0) 

 

2. Calculate the first row: 

g(i,0) = g (i-1, 0) + d(i, 0) 

 

3. Calculate the first column: 

g(0,j) = g (0,j-1) + d(i0,j) 

 

4. For the rest of the grid: 

g(i,j) = min[ g(i, j-1), g (i-1, j-i), g(i-1, j)]+ d(i, j) 

 

5. Trace back the best path through the grid. 

The template corresponding to the least distance is the word 

detected. 

 

IV. TRAINING DATABAS E 

 

Database comprises of MFCC coefficients extracted for 

sampled voice of few people speaking words and numeric. For 

each of the unique words, atleast 5 such samples exist. The 

distance between each of these 5 samples is computed using 

DTW and weights are assigned to those voice samples. The 

stored voice sample which has the least distance from the rest 

is assigned the lowest weight, followed by the next least 

distanced sample being assigned a little higher weight and so 

on. These weights corresponding to each stored voice template 

will then be multiplied to the DTW distance calculated 

between each of these stored templates and the voice input to 

be recognized. An example of assigning weight for the word 

zero, given 6 voice samples of 6 different people uttering the 

word “zero” is given in the table 1: 

 

Table.1.DTW distance between 6 voice templates for word 

“ZERO”  

 DTW Distance  

 Pers

on 1 

Pers

on 2 

Pers

on 3 

Pers

on 4 

Pers

on 5 

Pers

on 6 

SUM 

Person 

1 

0 29.9

6 

27.9

8 

28.8

5 

22.8

7 

31.5

2 

141.1

9 

Person 

2 

29.9

6 

0 29.0

2 

32.5

2 

27.3

3 

28.2

9 

147.1

4 

Person 

3 

27.9

8 

29.0

2 

0 28.0

3 

25.0

4 

36.9

5 

147.0

4 

Person 

4 

28.8

5 

32.5

2 

28.0

3 

0 26.8

3 

36.5 152.7

5 

Person 

5 

22.8

7 

32.5

2 

25.0

4 

26.8

3 

0 32.6

3 

134.7

3 

Person 

6 

31.5

2 

27.3

3 

36.9

5 

36.5 32.6

3 

0 165.9

1 

Since the word “zero” said by person 5 is most similar to all 

the others (i.e. its distance from the rest is minimum), it is 

assigned the lowest weight of 1.0. Next, voice sample of 

person 1 saying zero is assigned weight 1.1, followed by 

person 3 as 1.2 and so on upto the voice sample of person 6, 

which is assigned the weight of 1.5 

 

V. RES ULTS  

The discussed approach was tested for voices of different 

people. A database was created for 6 d ifferent person’s voice 

corresponding to the digits 0 to 9 and some control words. 

MFCC coefficients corresponding to these training voice 

samples were stored along with the computed weights. The 

user is then asked to record the test voice sample (i.e. any 

number between 0 to 9 in case of numeric detection; or a 

control word in case of word detection). MFCC is computed 

for the test sample. The distance between this sample and the 

stored database templates is then computed using DTW and 

multip lied by the corresponding weight. The word associated 

with the template with the least distance is then returned as the 

output. The distance obtained for six such utterances, one for 

each of the words, is as shown in table 2:
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Table.2. Test result of the words 

 INPUT VOICE 

DISTANCE  

FROM STORED  

TEMPLATES  

RIGHT LEFT STOP MOVE FORWARD REVERSE 

RIGHT 94.83 381.3 693.5 256.101 1118.56 1266.14 

LEFT 890.3 128.65 1293.58 371.37 2092.05 978.95 

STOP 560.12 606.3 105.704 532.4 1264.72 1495.53 

MOVE 1471.8 907.6 1726 115.101 2262.48 1199.83 

FORWARD 779.38 952.4 628.38 706.897 71.93 1455.57 

REVERSE 1654.31 1222.3 1798.5 632.09 1769.28 82.39 

The distance obtained for ten utterances, one for each number, is as shown in table 3:  

 

Table.3.Test Result of the Numbers  

 INPUT VOICE 

DISTANCE  

FROM STORED  

TEMPLATES  

ONE TWO THREE FOUR FIVE 

ONE 97.6 849.5 789.8 934.3 1524.9 

TWO 596.19 104.5 833.68 315.4 751.5 

THREE 557.7 429.9 87.43 601.2 1025.4 

FOUR 805.7 820.9 1306.3 129.98 1062.1 

FIVE 1438.7 1495.9 1402.5 1133.6 116.42 

SIX 1623.3 2082 1465.4 1469.5 925.2 

SEVEN 607.7 1324.9 1200 1007.6 1119 

EIGHT 927.1 942.241 1698.9 878.5 912.6 

NINE 759.2 637.184 1110.62 1174.8 1185.7 

ZERO 880.5 1138.63 1100.17 1225.8 1478.3 

 

Table.3. (contd.) Test result of the numbers 

Input Voice 

DISTANCE  

FROM STORED  

TEMP-LATES  

SIX SEVEN EIGHT NINE ZERO 

ONE 2293.5 702.5 1146.92 187.657 1157.8 

TWO 1407.1 440.4 551.02 490.5 832.09 

THREE 1177.3 275.84 234.2 332.2 583.85 

FOUR 1326.6 337.9 1032.9 999.67 1190.9 

FIVE 858.7 715.8 1066.8 1401.3 2319.49 

SIX 117.1 761.7 1540.15 1585.9 2008.7 

SEVEN 1646.6 108.3 1078.38 919.45 1328.9 

EIGHT 1075.6 576.3 116.69 783.47 1436.49 

NINE 1637.8 480.4 564.5 114.74 1590.8 

ZERO 1634.7 643.1 1000.17 859.39 100.97 

 

The digit recognition algorithm was tested on 280 total 

utterances (28 for each digit) and the word recognition system 

was tested on 138 total utterances (23 for each word).  
 

VI. CONCLUS ION 
 

The isolated digit recognition system is generated in C++ 

environment using MFCC and DTW approach. System is 

trained by saving templates of the ten digits and 6 control 

words of 6 different people along with weights associated with 

each. The incorporation of the weights along with the MFCC 

for each voice template increases the accuracy of the system. 

From the results above, we can infer that DTW distance 

between identical words is less than 150, which is why, by 

setting a threshold of 150 we can easily filter the word uttered 

by the user from the other words whose templates are saved in 

the training phase. The results showed a satisfactorily efficient 

speech recognition module.  
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