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 Speaker segmentation is an active area of research and very little work has been done 
on detecting the change point between two or more speaker. In many applications, there 

is a strong interest in segmenting audio signals. In the proposed system, the ultimate 

intention of this project is to develop an automatic method for speaker segmentation. 
The proposed method uses MFCC (Mel Frequency Cepstral Coefficients) for acoustic 

feature extraction and AANN neural network for speaker segmentation so as to detect 

the speaker change points. Acoustic features namely MFCC were extracted and the 
segmentation algorithm has been developed using AANN. This algorithm uses a robust 

thresholding technique which detects the speaker change point to a greater extent 

possible. The performance of the system was evaluated on a large dataset collected 
from 20 speakers, both male and female. The system detected most of the speaker 

change points and gave performance of 82.05%. 
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INTRODUCTION 
 

The goal of speaker segmentation is to detect speaker (acoustic) change boundaries in an audio stream. In 

the last decade, researchers in the speech processing community have expended a great deal of effort on this 

problem because of  its application to many speech and audio processing tasks, such as speaker segmentation, 

automatic transcription of audio recordings, speaker tracking and speaker diarization. Speaker segmentation has 

sometimes been referred to as speaker change detection and is closely related to acoustic change detection. 

Change detection systems find the change point when there is a change of speaker in the audio. Acoustic change 

detection can detect boundaries within a speaker turn when the background conditions change. 

On a more general level, acoustic change detection aims at finding when there is a change in the acoustics 

in the recording, which includes speech/non-speech, music/speech and others.  

 

Methodology: 

MFCC s employs the Mel scale which is a scale of pitches which are equal in distance from one another. 

The normal frequency f hertz can be converted to the Mel range by the following equation 

 

𝑚 = 1127.01048 log  1 +
𝑓

700
                                 (1) 

 
Fig. 1: Block Diagram for MFCC feature extraction 
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A. Feature Extraction: 

Mel Frequency Cepstral Coefficients (MFCCs) are a feature widely used in automatic speech and speaker 

recognition. MFCC has non-linear perceptual characteristics infrequency domain, which is widely used in audio 

analysis and recognition.(MFCCs) are used in distance-based segmentation; the distance measure is usually 

derived from a statistical modeling framework. The feature vectors in each of audio segments arise from some 

probability distribution. 

A cepstrum is the result of taking the Fourier transform of the decibel spectrum (power spectrum) as if it 

were a signal. There is a complex cepstrum and a real cepstrum. The cepstrum can be defined mathematically as 

cepstrum of a signal = FT(log(FT(the signal))) where FT indicates Fourier Transform. The real cepstrum uses 

the logarithm function defined for real values, while the complex cepstrum uses the complex logarithm function 

defined for complex values. The complex cepstrum holds information about magnitude and phase of the initial 

spectrum, allowing the reconstruction of the signal. The real Cepstrum only uses the information of the 

magnitude of the spectrum.  

 

Pre Processing: 

To extract the features from the speaker signal, the signal must be preprocessed. It consist of three steps. (i) 

Pre emphasis is used to boost the energy of the high frequency signals. (ii) Frame blocking -Speaker signal 

analysis usually assumes that the signal properties change relatively slowly with time. (iii) Windowing is done 

for each individual frame so as to minimize the signal discontinuities at the beginning and end of each frame. 

 

2. Speaker Segmentation Algorithm: 

The proposed method uses a sliding window of size 1 second assuming the speaker change point occurs in 

the middle of the window.The sliding window is initially placed at the left end of the signal.The AANN model 

is trained to capture the distribution of the feature vectors in the left half of the window.The feature vectors in 

the right half of the window are used for testing. Sliding window is used for the computation of features within 

the window. Sliding window proceeds and compares the feature of the current window with that of the previous 

window.A major change in feature represents a speaker segment. 

 

 
Fig. 2: Sliding window 

 

The output of the model is compared with the input to compute the normalized squared error. A low 

average confidence score indicates that the characteristics of the signal in the right half of the window are 

different from the signal in the left half of the window, and hence, the middle of the window is a category 

change point. The concept of the category change point detection method is shown in Fig. 3. 

 

                                                              Speaker 1   speaker 2       speaker 3 

 
Fig. 3: Concept of speaker segmentation 
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The above process is repeated by moving the window with a shift of 10 ms until it reaches the right end of 

the signal. 

 

3. Auto  Associative Neural Network: 

Auto associative neural network models are feed forward neural networks performing anident ity ma pping 

of the input space, and are used to capture the distribution of  the input data. A five layer autoassociative neural 

network (AANN) model is used to capture the distribution of the acoustic feature vectors. In this network, the 

second and fourth layers have more units than the input layer .The third layer has fewer units than the first or 

fifth. The processing units in the first and third hidden layer are nonlinear, and the units in the second 

compression/hidden layer can be linear or nonlinear. As the error between the actual and the desired output 

vectors is minimized, the cluster of points in the input space determines the shape of the hyper surface obtained 

by the projection onto the lower dimensional space. 

 

 
Fig. 4: Structure of AANN 

 

Auto associative neural network models are feed forward neural networks performing an identity mapping 

of the input space, and are used to capture the distribution of the input data. The second and fourth layers of the 

network have more units than the input layer. The third layer has fewer units than the first or fifth.  The 

activation functions at the second, third and fourth layer are nonlinear. 

 

4. Experimental Results: 

Dataset contains 20 speaker samples with frame size of 20 ms and a frame shift of 10 ms are used. Hence, 

an audio signal of 7 seconds duration results in 700 × 39 feature vector .The category change points are detected 

from the average confidence scores by applying a threshold. The threshold (t) is calculated from the confidence 

score using mean, variance and the adjustable parameter. The performance of speaker segmentation is assessed 

in terms of two types correlated to category change point detections namely precision and recall. Precision 

category change point detection occurs from a total no of change points. Performance of speaker segmentation is 

shown in Table 1. Confidence score value shown in Figure 5. A recall detection occurs when a actual category 

change points is gained.  

In order to compare the performance of different systems, the f-measure is often used and defined as 

 

𝑓 =
2 𝑃𝑅𝐶  𝑅𝐶𝐿 

𝑃𝑅𝐶+𝑅𝐶𝐿
                                                                      (2) 

                                                      
Table 1: performance of speaker segmentation 

MEASURE VALUE 

Precision 

(Occurs if a true change is not spotted within a certain window) 

84.21% 

Recall 

(Occurs when a detected change does not correspond to a true change in the reference) 

80.0% 

F-measure 82.05% 
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Fig. 5: confidence scores 

  

Conclusion: 

In the proposed system, the ultimate intention is to develop an automatic method for speaker segmentation. 

The proposed method uses MFCC (Mel Frequency Cepstral Coefficient) for acoustic feature extraction and 

AANN (Auto Associative Neural Network) is used for speaker detection change points. Speaker data with 

varying duration seconds ranging from 1 sec to 7 seconds were used. The performance of the system shows an 

accuracy of 84.21% as precision and the F- measure is 82.05% and the recall is 80.0%. 
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