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Unsupervised Video-Based Person Re-identification Based on Diversity

Constraint and Dispersion Hierarchical Clustering

CAO Liang, WANG Hongyuan, DAI Chenchao, CHEN Li, LIU Qian
(Aliyun School of Big Data, Changzhou University, Changzhou, 213164, China)

Abstract: Video-based person re-identification (Re-ID) is a widely used task in computer vision. At present,
most video-based Re-ID methods are based on supervised learning, which requires intensive manual
annotation, and is very expensive and not suitable for real-life scenarios. In this work, an unsupervised video-
based person Re-ID method based on diversity constraint and dispersion hierarchical clustering is proposed.
First, each sample is regarded as a single cluster, and both the inter and the intra-cluster dispersions are
combined to perform bottom-up hierarchical clustering. Second, clusters with small inter-cluster and intra-
cluster dispersions can be prioritized for merging. At the same time, the diversity constraint is added to the
clustering criterion to balance the number of samples in each cluster. Finally, the model is dynamically
updated by using a linear feature memory. Experimental results on two public benchmark datasets, including
Mars and DukeM TMC-VideoRelD, show that compared with the state-of-the-art unsupervised video-based
person Re-ID methods, the proposed method has some improvement in performance.
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Fig.1 Bottom-up hierarchical clustering
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Fig.2 Overall framework
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Table 3 Evaluation of different z values in Eq. (1) %
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Table 4 Performance comparison on Mars dataset %

Ik Label rank-1 rank-5 rank-10 mAP
OIM™ X 33.7 481 54.8  13.5
DGM+IDE™ B4 36.8 54 — 16.8
Stepwise™ — FUEEAR 412 55.5 — 19.6
RACE®™  HkEA 432 571 62.1 245
DAL® FREAR 493 65.9 72.2  23.0
EUGH HEEAR 62.6 74.9 — 42.4
BUCH ¥ 55.1  68.3 72.8  29.4
ATy J 63.2 76 79.9 413
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Table 5 Performance comparison on DukeMTMC - Vid -

eoRelID dataset %

T Label rank-1 rank-5 rank-10 mAP
OIM™ X 51.1 705 76.2 438
DGM+IDE®" HikEA 423 579 69.3  33.6
Stepwise™  HFEA 562 70.3 79.2  46.7
EUGH AR 727 8411 — 63.2
BUCH x 748  86.8 89.7  66.7
ATy y 754  87.7 90.3  67.4
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