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Abstract

Efforts are underway to utilize the unique characteristics of human gait as a tool for user authentication in the
latest gait analysis study. In this paper, we study the identification of pedestrians by learning human gait data
acquired by an inertial sensor with a CNN model. The model proposed in this paper is evaluated using accuracy,
precision, recall, Fl-score, ROC Curve, AUC, which are used as general evaluation indicators, and FAR, FRR, and
EER, which are biometric evaluation matrices. As a result, the accuracy, precision, recall, and Fl-score are all over
99%. In addition, the average AUC is 0.99, and the average EER is 0.0009, which leads to the conclusion that the
model proposed in the study can identify human gait with high reliability and can be used as a method for user

authentication.
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flatten (Flatten)
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Table 6. Average precision, recall, F1-score

# of person|Window size| Precision| Recall |Fi-score

1.28 0.999942 | 0.999926 |0.999934
2 24s 0.996402 | 0.997147 |0.996765
3.6s 0.999777 | 0.999826 |0.999601

1.28 0991190 | 0.991126 | 0.991149
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20 24s 0.986587 | 0.986693 |0.986574
3.6s 0.995035 | 0.995126 |0.995074
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Fig. 2. ROC curve of average TPR, FPR (# of person: 20, W: 36s), (a) Original graph (b) The enlarged graph of (a)
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