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Abstract 

In this paper, we grouping the words based on the speaker in a sequence of speech in a conversation. There are two 
speakers in each conversation. The first speech assumed spoken by speaker-1. In recognizing the speakers, we use 
pitch detection and Mel Frequency Cepstral Coefficients feature extraction with 13 filters. Furthermore, we 
examine the distance of the second speech vector with the first speech vector using the Feature matching algorithm. 
Previously, we had experimented on each speaker to find out the mean and variance of the Feature matching. Based 
on the experimental results, the Standard Deviation of Euclidean, Mahalanobis and Manhattan Distance are 0.0383, 
0.0254, and 0.0341. Hence, if the Feature matching value deviates is not more than variance value then the speech 
is assume spoken by speaker-1. Otherwise, the speech assume spoken by speaker-2. 

Keywords: Speaker identification, Pitch, MFCCs, Euclidean, Mahalanobis, Manhattan. 

1. Introduction 

Stress is a mental disorder that occurs in a person due to 
pressure.1 Stress is one of emotion. Emotions divided 
into two types, conscious and unconscious emotions.2 
Conscious emotions are emotions that we can feel like 
anger, sadness and happiness. Unconscious emotions 
are emotions that we cannot feel like stress and 
depression. It means, we cannot know when we are 

under stress. It makes relatively difficult to recognize 
stress. 
Speech is one of methods that can be recognizing a 
stress.3 It focuses on speech features in the frequency 
domain. Human voice signals have a very high level of 
variability.4 A speech signal issued by different speakers 
produces different speech patterns. It makes a problem 
when we recognize a stress in a conversation. As we 
know, the conversation is a sequence of words spoken 
by more than one speaker. Therefore, in this paper, we 
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present a simple method of identifying the speaker in a 
conversation that indicated to have a stress speech on 
the speaker. 

2. Materials and proposed method 

2.1. Proposed method 

In this paper, we used a sequence of words that has been 
segmented from two-pilot conversation in an Apache 
helicopter cockpit.5 This conversation is recorded and 
collected by the Linguistic Data Consortium (LDC) in 
the Speech Under Simulated and Actual Stress 
(SUSAS) database.6 This conversation indicates the 
stress condition of the speaker. The speaker 
identification consists of two stages, feature extraction 
and feature matching.7 The process of our proposed 
method can be seen in Fig. 1. 
The Fig. 1 shows that the speech conversations 
consisting of sequence words. The first speech extracted 
the frequency fundamentals pitch and Mel Frequency 
Cepstral Coefficients (MFCCs). Furthermore, we do the 
same thing in the second speech. We assume that the 
first speech spoken by the speaker-1. Furthermore, we 
examine the distance between the first speech and the 
second speech vector using the feature-matching 
algorithm (Euclidean8, Mahalanobis9 and Manhattan10). 
In the preliminary experiment, we have analyzed the 
standard deviation of each speaker. Therefore, if the 
distance between the two vectors is less or equal to the 
standard deviation, we decide that the second speech 
spoken by the speaker-1, otherwise spoken speaker-2. 

2.2. Feature extraction 

2.2.1. Pitch 

The Pitch is the fundamental frequency of the vocal 
cord vibration (called F0) followed by formants 
bandwidth at higher frequencies.11 Typically, the male 
voice pitch is around 85-155 Hz and the female is about 
165-255 Hz.12  

 =  (1) 

Where: L is length of vocal folds 
 σ is longitudinal stress 
 ρ is Tissue density 

2.2.2. Mel Frequency Cepstral Coefficients (MFCCs) 

The MFCC can use as a characteristic vector to 
represent human sound and musical signals. The sound 
analysis on Mel-Frequency based on the perception of 
human hearing,13 because the human ear has observed to 
function as a filter at a certain frequency. The filters 
have a frequency response forming a triangle, and the 
space between their bandwidth determined by a constant 
mel-frequency interval.14 

The triangular filters applied to computing filter 
banks.15 We used 13 filters to extract frequency bands 
on a Mel-scale to the power spectrum. The model of 
filter bank on a Mel-Scale can be express as: 

 ( ) =
⎩⎪
⎨
⎪⎧

0, < ( − 1)( ( ))( ) ( ) , ( − 1) ≤ ≤ ( )
( ( ) )( ) ( ) , ( ) < ≤ ( + 1)

0, > ( + 1)
 (2) 

Where:  m is the number of filters we want, f() is the list 
of m+2 Mel-spaced frequencies. 
 
The frequency band of the filter16 shows in Table 1. 

Table 1. The frequency band of the filter. 

Filters Passband Edges (Hz) 
Filter1 [133 267] 
Filter2 [200 333] 
Filter3 [267 400] 

… … 
Filter12 [867 999] 
Filter13 [933 1071] 

 

Fig. 1.  Proposed method process. 
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2.3. Feature Matching Algorithm 

2.3.1. Euclidean Distance 

The Euclidean distance between points x and y is the 
length of the line segment connecting ( ). In Cartesian 
coordinates, if x= (x1, x2,..., xn) and y = (y1, y2,..., yn) are 
two points in Euclidean n-space, then the distance (dED) 
from x to y, is given by the Pythagorean formula:17 

 ( , ) = ∑ ( − )  (4) 

2.3.2. Mahalanobis Distance 

The Mahalanobis distance is a measure between two 
samples point. The Mahalanobis distance between a 
vector x and y with covariance σ is18 

 ( , ) = ∑  (3) 

2.3.3. Manhattan Distance 

The distance between two points measured along axes at 
right angles. In a plane with x at (x1, x2) and y at (y1, y2), 
it is:19 

 ( , ) = ∑ | − | (5) 

3. Results and Discussions  

In this work, we used three conversations between two 
speakers. Therefore, we have from six speakers feature 
vector data. Furthermore, we calculate the standard 
deviation for each speaker in each distance algorithm, as 
follows: 
 Euclidean Distance = 0.0383, 
 Mahalanobis Distance = 0.0254, 
 Manhattan Distance = 0.0341. 

This standard deviation value is the threshold for 
determining speaker identification. 
In the features extraction, each speech extracted from its 
pitch and MFCC features. The feature vector sample 
from feature extraction can be seen in Fig. 2. 
Then on, we calculated the vector distance both of 
speech vector. Feature matching of each speech in the 
first conversation can be seen in Fig. 3. 
Finally, we compare the number of speeches that have 
grouped with the actual number of speeches for each 
distance algorithm to determine the accuracy of our 
proposed method. The accuracy based on its features 
extraction. The system accuracy can be seen in Fig. 4. 

 

Fig. 4.  The system accuracy. 

In Fig. 4 can be seen that in general the accuracy 
reaches above 80%. Accuracy for multi-feature 
extraction is better than single features, above 90%. 

Euclidean distance is better for single feature extraction. 
Mahalanonbis distance is better on multi-features. 
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Fig. 2.  The feature vector sample. The utterance is “break”. 
Pitch features is 10 feature vectors and 13 feature vectors for 
MFCC 

 

Fig. 3.  The distance value on feature matching process of 
each speech in the first conversation. 
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4. Conclusion 

The experiment involves three conversations between 
two speakers. The system accuracy rate calculated from 
the number of words clustered in both speakers by 
comparing pitch feature, MFCC feature and 
combination of pitch and MFCC with self-calculation. 
The experimental result shows that Euclidean Distance 
is better for single feature extraction and Mahalanobis 
Distance is better for multi-features extraction. 
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