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[Abstract]

Gender classification techniques have received a lot of attention from researchers because they can be
used in various fields such as forensics, surveillance systems, and demographic studies. As previous studies
have shown that there are distinctive features between male and female gait, various techniques have been
proposed to classify gender from three dimensional(3-D) gait data. However, some of the gait features
extracted from 3-D gait data using existing techniques are similar or redundant to each other or do not help
in gender classification. In this study, we propose a method to select features that are useful for gender
classification using a correlation-based feature selection technique. To demonstrate the effectiveness of the
proposed feature selection technique, we compare the performance of gender classification models before
and after applying the proposed feature selection technique using a 3-D gait dataset available on the
Internet. Eight machine learning algorithms applicable to binary classification problems were utilized in the
experiments. The experimental results show that the proposed feature selection technique can reduce the

number of features by 22, from 82 to 60, while maintaining the gender classification performance.

» Key words: Artificial Intelligence, Feature Extraction, Feature Selection, Gait Data,
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I. Introduction
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III. Proposed Method
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Fig. 1. Overall Process of the Proposed Method
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2. Gait Feature Extraction
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Table 1. Limb Information of 3-D Human Skeleton Model

.1 9. R-T‘Lm.l- 20. Lr‘ool

Fig. 2. 3-D Human Skeleton Model Consisting of Twenty
Joints and Nineteen Body Parts
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1) F1 Feature Extraction
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Limb # Pair of Joints (i,j))EL
1 C-shoulder, R-shoulder (2,3)
2 R-shoulder, R-elbow (3,5)
3 R-elbow, R-wrist (5,7)
4 R-wrist, R-hand (7,9)
5 C-hip, R-hip (12,13)
6 R-hip, R-knee (13,15)
7 R-knee, R-ankle (15,17)
8 R-ankle, R-foot (17,19)
9 head, C-shoulder (1,2)
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3) F3 Feature Extraction
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IV. Experimental Results

1. Dataset and Evaluation Protocol
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Table 2. Gender Classification Confusion Matrix

Pred. Female(1) Male(0)
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Table 3. Gender Classification Performance

Feature Model ACC TPR TNR

QDA 0.8667 0.9646 0.6538

GPC 0.9394 0.9558 0.9038

LR 0.8485 0.9204 0.6923

All-F GNB 0.7818 0.7965 0.7500

KNN 0.8788 0.9204 0.7885

DT 0.8182 0.8496 0.7500

SVM 0.9333 0.9469 0.9038

MLP 0.8424 0.8761 0.7692

QDA 0.8545 0.9469 0.6538

GPC 0.9394 0.9558 0.9038

LR 0.8424 0.9292 0.6538

FS-70 GNB 0.7879 0.8053 0.7500

KNN 0.9394 0.9469 0.9231

DT 0.8061 0.8319 0.7500

SVM 0.8788 0.9204 0.7885

MLP 0.8545 0.8850 0.7885

QDA 0.8667 0.9292 0.7308

GPC 0.9333 0.9558 0.8846

LR 0.8606 0.9381 0.6923

FS-60 GNB 0.7879 0.8053 0.7500

KNN 0.9394 0.9558 0.9038

DT 0.8061 0.8496 0.7115

SVM 0.8727 0.9292 0.7500

MLP 0.8485 0.8761 0.7885

QDA 0.8545 0.9115 0.7308

GPC 0.9333 0.9558 0.8846

LR 0.8606 0.9204 0.7308

FS-50 GNB 0.7939 0.8053 0.7692

KNN 0.9212 0.9469 0.8654

DT 0.8182 0.8850 0.6731

SVM 0.8606 0.9115 0.7500

MLP 0.8485 0.8938 0.7500

QDA 0.8485 0.8850 0.7692

GPC 0.9273 0.9558 0.8654

LR 0.8545 0.9381 0.6731

FS-40 GNB 0.7879 0.8053 0.7500

KNN 0.9394 0.9469 0.9231

DT 0.8061 0.9204 0.5577

SVM 0.8788 0.9115 0.8077

MLP 0.8424 0.8850 0.7500
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