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Fig. 1 Framework of the proposed algorithm
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Pedestrian attribute recognition algorithm based on multi-label
adversarial domain adaptation

HU Qiangliang"*>, CHEN Lin"*", SHANG Mingsheng" *

(1. Chonggqing Institute of Green and Intelligent Technology, Chinese Academy of Sciences, Chongging 400714, China;
2. School of Artificial Intelligence, Chongqing School of University of Chinese Academy of Sciences, Chongqing 400714, China)

Abstract: Current unsupervised domain adaption algorithms usually consider only single-label learning, failing
to adapt to multi-label classification tasks in pedestrian attribute recognition. To address this issue, a multi-label
adversarial domain adaptation algorithm was proposed for pedestrian attribute recognition. First, to adapt to the
domain transfer task of multiple attribute labels, a multi-label feature disentanglement module was employed to
effectively disentangle attributes of deep features extracted from the backbone network with specific attributes based
on category-specific semantics. Secondly, to reduce the gap of attribute feature distributions in different domains, a
multi-label domain discrimination module based on classifier reuse was proposed to achieve both multi-attribute
domain alignment and multi-label classification, which effectively exploited the predicted discrimination information
to capture the multi-mode structures of feature distribution. Experimental results show that the proposed algorithm
achieves superior results than the baseline model, with improvements of 4.49%, 5.5%, 11.44% and 5.89% on mean
accuracy, accuracy, recall and F1 values, respectively. The proposed algorithm provides a new insight for multi-label
domain adaptation learning.

Keywords: pedestrian attribute recognition; multi-label learning; multi-label domain adaptation; multi-label

feature extraction; multi-label classification

Received: 2023-06-16; Accepted: 2023-09-23; Published Online: 2023-11-29 09: 20

URL: link.cnki.net/urlid/11.2625.V.20231128.1326.003

Foundation items: National Natural Science Foundation of China (82030066,61902370); The Key Project of Chongqing Municipal Education
Commission based on Cooperation of Chongqing Local Universities and the Chinese Academy of Sciences (HZ2021008,HZ2021017)

* Corresponding author. E-mail: chenlin@cigit.ac.cn


link.cnki.net/urlid/11.2625.V.20231128.1326.003
mailto:chenlin@cigit.ac.cn

	1 相关工作
	1.1 行人属性识别
	1.2 无监督领域自适应

	2 本文工作
	2.1 符号定义
	2.2 模型概述
	2.2.1 多标签特征分离模块
	2.2.2 多标签领域鉴别模块
	2.2.3 多标签对抗训练损失函数


	3 实验设置
	3.1 数据集
	3.2 评估指标
	3.3 实验设置

	4 实验结果与分析
	4.1 对比实验分析
	4.2 消融实验分析

	5 结　论
	参考文献

