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[Abstract]

In this paper, we propose a deep learning-based person re-identification method using a
three-dimensional RGB-Depth Xtion2 camera considering joint coordinates and dynamic features(velocity,
acceleration). The main idea of the proposed identification methodology is to easily extract gait data
such as joint coordinates, dynamic features with an RGB-D camera and automatically identify gait
patterns through a self-designed one-dimensional convolutional neural network classifier(1D-ConvNet).
The accuracy was measured based on the F1 Score, and the influence was measured by comparing the
accuracy with the classifier model (JC) that did not consider dynamic characteristics. As a result, our
proposed classifier model in the case of considering the dynamic characteristics(JCSpeed) showed about
8% higher F1-Score than JC.

» Key words: person re-identification, surveillance system, deep learning, human action recognition,
multi class identification
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I. Introduction
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Fig. 1. An overview of person verification process.

II. Related works
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III. Preliminaries

1. Data Preprocessing
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1.1 Structure of skeletal data
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Fig. 2. Anatomical joint landmarks returned by Xtion
2 for Nuitrack SDK. Red points are used for
model training (Left/Right Shoulder, Left/Right

Elbow, Left/Right Wrist).

1.2 Data normalization
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Fig. 3. Frame data normalization using
zero—padding method.

1.4 Deep learning based 1D-ConvNet architecture
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Fig. 4. An overview of 1D—ConvNet

IV. Experiment
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3. Data Analysis
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Table 1. Verification accuracies of classifiers based
on different feature sets
Model Precision Recall F1-Score
oae (train/val) (train/val) (train/val)
JCSpeed 0.98(0.93) 0,95(0.93) 0.98(0.95)
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VI. Conclusion
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Fig. 5. Accuracy curves for JCSpeed model (a),
JC model (b) and convergence curves for JCSpeed
model (c), JC model (d).
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