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Pedestrian Re-identification Based on Deep Learning and Attributes Learning

Xu Fangjie, Cheng Keyang, Zhang Jianming
(School of Computer Science and Communication Engineering, Jiangsu University, Zhenjiang,212013, China)

Abstract: The lack of much labeled data in the real world affects the training of supervised model for pe-
destrian re-identification. Besides, applications of pedestrian re-identification in pedestrian retrieving and
criminal tracking are limited because of the lack of semantic representation. This paper presents a pedes-
trian re-identification method based on the combination of deep learning and attributes learning, which
extracts essential features with unsupervised deep learning model and enhances the semantic representa-
tion of features with ‘attributes’. Firstly, a convolutional auto-encoder (CAE) is used to extract features
of unlabeled pedestrian images, and the extracted features are then input into several attribute classifiers
to judge whether the pedestrian owns the attributes. Lastly, with a table of ‘attributes-classes mapping
relations’, we can get the final dassification result. Tests of the proposed algorithm and comparisons
with other algorithms on the VIPeR and i-LLIDS datasets are shown, and results prove that our algorithm
indeed strengthens the semantic representation and improves the accuracy of pedestrian re-identification,
achieving good ‘zero-shot’ re-identification performance as well.

Key words: pedestrian re-identification; deep learning; convolutional auto-encoder (CAE); attribute

learning
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al auto-encoder, CAE) 3 X #: FH #it 4 W #% ( Convolutional neural network, CNN) 58 w47 )| 25, fif o T
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Fig. 1 Framework of deep learning and attributes learning based pedestrian re-identification method
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Tab.1 Example of the ‘attributes-classes mapping propability’ table
25 a as as a, as as ar as as an
Vi 0. 00 0.11 0. 00 0. 00 0.14 0. 00 0. 00 0.33 0. 00 0.13
Kz 0. 00 0.11 0.00 0. 00 0. 14 0. 00 0. 06 0. 00 0. 00 0.13
V3 0. 00 0. 00 0.14 0.08 0. 00 0.13 0. 06 0. 00 0. 00 0. 00
Vi 0. 00 0.11 0. 00 0. 00 0.14 0. 00 0. 00 0. 33 0. 33 0.33
Vs 0. 00 0.11 0.00 0.08 0.00 0.13 0. 06 0. 00 0. 00 0. 00
Ve 0. 00 0. 00 0.14 0.08 0. 00 0.13 0.06 0. 00 0. 00 0. 00
V7 0.17 0. 00 0.00 0.08 0. 00 0.13 0. 06 0. 00 0. 00 0. 00
Vs 0. 00 0.11 0. 00 0. 00 0.14 0. 00 0. 06 0. 00 0. 00 0. 00
Vo 0. 00 0. 00 0.14 0. 00 0.14 0. 00 0.06 0. 00 0. 00 0. 00
Yo 0.17 0. 00 0. 00 0. 00 0.14 0.13 0. 06 0. 00 0. 00 0. 00
2 XWEREHH
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AR SR AT AR B H Y VIPeR 28 3647 A8 " gk 47 .
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Fig. 4 Corresponding attributes in

one pedestrian sample
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Fig. 5 Accuracies of attribute classifiers
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