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[Abstract]

This research conducted a study classifying gender of speakers by analyzing feature vectors extracted
from the voice data. The study provides convenience in automatically recognizing gender of customers
without manual classification process when they request any service via voice such as phone call.
Furthermore, it is significant that this study can analyze frequently requested services for each gender
after gender classification using a learning model and offer customized recommendation services
according to the analysis. Based on the voice data of males and females excluding blank spaces, the
study extracts feature vectors from each data using MFCC(Mel Frequency Cepstral Coefficient) and
utilizes SVM(Support Vector Machine) models to conduct machine learning. As a result of gender

classification of voice data using a learning model, the gender recognition rate was 94%.

» Key words: Feature vectors, Voice, Classification, Mel frequency cepstral coefficient,
Support vector machine
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I. Introduction
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II. Related Works

1. Logistic Regression
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2. Support Vector Machine
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III. Gender Cassification of Voice
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Data collection and processing

, 8 ; A
e X
Pre- Pre- Pre-
Emphasis Emphasis Emphasis
. Voice data segmentation )

¥
Fourier
Transform
Y
5 Acquire the magnitude
Mageivde of the frequency component
!
Power Acquisition of energy
Spectrum information by frequency range
'
Filter-
Banks
! Reflects the auditory
characteristics of a person
Log-Mel
Spectrum
'
MFCC Extracting

MFCC Feature Vectors

Fig. 1. Data preprocessing process

1. Data Preprocessing
1.1 Data collection
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Fig. 2. Waveform of the raw voice signal

1.2 Pre-emphasis
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Fig. 3. Waveform of voice signal through pre—emphasis

1.3 Framing and Hamming Windowing
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1.5 Filter-Banks and Log-Mel Spectrum
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Fig. 5. Waveform of voice signals through log—mel spectrum
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Fig. 6. Waveform of voice signals through MFCC
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Table 2. Dataset

gender train test validation total
female 2384 298 298 2980
male 2384 298 298 2980

2. Learning using the SVM model
2.1 Standardize data using Standard Scaler
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Fig. 7. Data classification using RBF kernel
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Table 3. Accuracy according to the values of C
and gamma

accuracy
c amma | g4 | 02 | 03 | 04 | 05 | 06
5 930 | 943 | 943 | 946 | 951 | 95.1
6 928 | 938 | 94.1 | 946 | 951 | 95.1
7 930 | 933 | 940 | 948 | 951 | 95.1
8 933 | 935 | 938 | 950 | 95.1 | 95.1
9 935 | 935 | 938 | 948 | 951 | 95.1
10 935 | 938 | 938 | 950 | 95.1 | 95.1

IV. Experiment

1. Classification Report
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Table 4. Confusion Matrix
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Table 5. Comparison with 2 models

precision | recall | accuracy | time(sec)
Logistic 072 | 072 | 072 0.01
Regression
SVM 0.94 0.94 0.94 4.66
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