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1. INTRODUCTION 
 

For the human-robot interaction, speech/speaker 
recognition algorithms can be used for a robot platform. 
When specified user calls the name of the robot, for 
example, the robot should recognize what he/she speaks, 
and who is speaking. In office environments, however, 
performance of speech/speaker recognition algorithm 
gravely decreases due to reflections of sound, Lombard 
effect, environmental noises, etc. To overcome the 
reverberation of the sound, dereverberation technique 
and adaptation scheme were investigated. [1-2] Because 
those two are based on the inverse filter technique [1] 
and the adaptive filter design technique [2], previous 
researches are not appropriate to apply real time, 
recognition system. 

In this paper, proposed method is based on the 
stochastic model of reverberant reference speeches. 
With concerning reverberation or Lombard effect, 
simple and robust implementation of recognition system 
can be practicable by creating reference speeches 
varying the distance from a speaker to a microphone. 

 
2. DESCRIPTION FOR TOTAL SYSTEM 

 
There are three steps for the real time, speaker/speech 

recognition. 
 
2.1 Preprocessing  

After sampling acoustic pressure with 22.05kHz, total 
signal is segmented in a bunch of 30ms signals with 
50% overlapping and Hanning windowing. And then, 
energy level and zero-crossing rate are calculated for 
each frame to determine the exact location of pure 
speech signal. [3] 

 
2.2 Feature extraction  

After preprocessing, feature extraction process is 
accomplished. There are two feature vectors to 

recognize human speech: Pitch for the speaker 
recognition and Mel Frequency Cepstral Coefficient 
(MFCC) for the speech recognition.  

To extract pitches from speech signal, modified 
autocorrelation method is applied. [4] To extract 
MFCCs from speech signal, we used HTK’s MFCC 
which is web-published by Dan Ellis. [5] 

 
2.3 Pattern matching  

Dynamic Time Warping (DTW) algorithm is applied 
between two different feature vectors. We use UE2-1 
for DTW algorithm and delta we chose is from 0 to 7. 
[6] Finally, the total accumulated distance TD  
between two feature vectors, ( )R n  and ( )T m , is 
calculated by 
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where ( )w n  is the optimum path. 
 

3. STOCHASTIC MODEL 
 

5 individual speeches are used to create reference 
speeches. Using Pitches and MFCCs of reference 
speeches, we can obtain 10 total accumulated distances. 
And then we model the total distribution as gamma 
distribution. The gamma pdf is 
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where Γ  is the gamma function, η  is the shape 
parameter, and λ  is the inverse scale parameter. 

Modeling of total accumulated distances is obtained 
by using the maximum likelihood estimates (MLEs) for 
the parameters η  and λ  of the gamma distribution 
[7]. When the n  samples of statistic variables are exist, 
MLE of η̂  and λ̂  can be represented as: 
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where x  and s  are mean and standard deviation, 
respectively. 

The Figs. 1~2 represent histograms of accumulated 
distances for pitches and MFCCs and gamma pdf of 
those. In the case of pitch distances, modeling of 
distribution is as an exponential function. In the case of 
MFCC distances, however, we can obtain bell shaped 
gamma distribution. 
 
 
 
 
 

 
Fig. 1 Histogram of Pitch distances (bar) and a 

gamma distribution curve (solid line). The reference 
speech was “ iri wah ”. Reference speech was uttered for 
five times by 22 years old male at distance 1m. 

 
 
 

 
Fig. 2 Histogram of MFCC distances (bar) and a 

gamma distiribution curve (solid line). The reference 
speech was “ iri wah ”. Reference speech was uttered for 
five times by 22 years old male at distance 1m. 

 

When the test speech is uttered at recognition process, 
we can calculate the probabilities, which are the same 
number of reference speeches, by using the cdf of 
estimated gamma distribution. The gamma cdf is 
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The probability of speaker recognition and speech 
recognition can be defined as 

_ max{1 }Speaker recogntion PitchP p= − ,      (6) 

_ max{1 }Speech rocogntion MFCCP p= − .      (7) 

Finally, probability of recognition, which means 
probability of both speaker and speech are recognized, 
is defined as: 

_ _recognition Speaker rocognition Speech rocognitionP P P= × .  (8) 
Decision can be made by setting the threshold of 

probability of recognition as 0.05. 
 

4. EXPERIMENTS 
 

We made experiments to analyze the performance of 
proposed system in a office environment. In these 
experiments, three subjects and five isolated words were 
used. Three subjects were 22, 26, 27 years old males, 
respectively. Five isolated words(reference speeches) 
were “ an jΛŋ”, “ iri wah ”, “dζ Λ riga ”, “t∫Λŋsohæ”, 
“gman”. Averaged reverberation time is 1.07 second 
when the distance between a sound source and a 
microphone is 2m. To estimate reverberation time of the 
room, 20T  of ISO 3382 was used [8]. 

Fig. 3 shows particular example when a reference 
model is made at the distance 1m only and Fig. 4 shows 
another particular example when a reference model is 
made by changing the distance between a subject and a 
microphone – in this case, to make reference model, 
three reference speeches were measured at the distance 
1m and two reference speeches were measured at the 
distance 2m and 3m, respectively. Figs 3~4 are the case 
that the subject who made reference model and the 
subject who uttered test speech are the same. The 
meaning of y-label in two figures is described in Table 1. 

 

 
Fig. 3 Probability of recognition when the reference 

speech is “t∫Λŋsohæ”. Reference model is made at 
distance 1m only. 
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Fig. 4 Probability of recognition when the reference 

speech is “t∫Λŋsohæ”. Reference model is made at 
distance 1m, 2m, 3m. 
 

Table 1 Description for y-label of Figs. 3~4. 
y-label Distance(m) Test speech 

1 1 an jΛŋ 
2 2 an jΛŋ 
3 3 an jΛŋ 
4 1 iri wah  
5 2 iri wah  
6 3 iri wah  
7 1 dζ Λ riga  
8 2 dζ Λ riga  
9 3 dζ Λ riga  

10 1 t∫Λŋsohæ 
11 2 t∫Λŋsohæ 
12 3 t∫Λŋsohæ 
13 1 gman 
14 2 gman 
15 3 gman 

 
Making reference model at a specified distance only, 

(Fig. 3), probability of recognition is relatively higher at 
the specified distance than the other distances. Making 
reference model by changing the specified distance (Fig. 
4), however, probability of recognition is high at all the 
distances where reference speech was uttered. 

Figs. 5~6 represent the results of averaged 
recognition accuracy for three subjects and five isolated 
words. Results obtained in a condition that setting the 
threshold of probability of recognition as 0.05. Fig. 6 
shows better recognition performance at the all 
distances (1m, 2m, 3m) than Fig. 5. Moreover, this 
tendency can be observable even when the test speech is 
uttered at the distance 1m (The first bar of Fig. 6 is 
higher than the first bar of Fig. 5). 

In the case that the subject who made reference 
model and the subject who uttered test speech are 
different, probability of recognition is almost zero. 
Therefore, there are no occasions that wrong speaker 
was recognized as a proper one.  

 
Fig. 5 Averaged recognition accuracy for three 

subjects and five isolated words. This figure shows the 
results when reference speeches were made at distance 
1m only. In this experimental result, SNR of uttered 
speech were from 16.5dB to 26.2dB. 
 

 
Fig. 6 Averaged recognition accuracy for three 

subjects and five isolated words. This figure shows the 
results when reference speeches are made at distance 
1m, 2m, 3m. In this experimental result, SNR of uttered 
speech were from 19.6dB to 25.8dB. 
 

5. SUMMARY & CONCLUSIONS 
 

This paper presents stochastic model for 
speaker/speech recognition using DTW-based pattern 
matching method. To create the pdf of the accumulated 
distances of reference model, we proposed gamma 
distribution which well estimates distributions of both 
Pitch and MFCC distances. Five reference speeches is 
used to create reference model, and high speaker/speech 
recognition performance can be obtained by letting the 
threshold of probability as an order of 0.05. Creating 
reference model at different distances, the recognition 
accuracy of proposed system is more than 99% at all 
distances. Therefore, proposed system gives us a simple 
and robust, isolated word recognition performance in a 
reverberant room condition. 
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