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Abstract Person re-identification suffers from some problems such as confusion with excessive background,

incomplete targets, and different viewing point etc. There are two basic observations for most person re-
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identification applications, i.e., strong correlation exists between the discriminative features, and weak

correlation exist between feature points of the pedestrian areas and the background areas. Based on such

observations, a person re-identification method based on features correlation is proposed in this paper. The

CIP (contextual information processing) module based on viewpoint invariance and soft-detection is applied

to realize the proposed method. Since strong correlative features distribute at different granularities, the

multi-granularity based person re-identification methods can describe relationship between granularities by

embedding the CIP module. The experiments are implemented on four large-scale person re-identification data

sets. Both single-domain and cross-domain tests are used in the experiments. The Rank-1 and mean average

error criterion are used as the evaluation indicators. As the experiment shows, the proposed method enhances

the identification performance of several mainstream multi-granularity methods by CIP module.
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Table 1 Typical person re-identification datasets
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Table 2 Single-domain tests

BRI ERE (%)

KA FEAEASETY MSMT17 Market-1501 CUHKO03 DukeMTMC-ReID
Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

B BE AR ResNet50 70.7 42.0 88.1 73.1 45.1 40.7 79.4 61.6
ResNet50+CIP 74.7 472 91.3 78.8 52.1 48.0 832 68.2

EZ A2 it PCB 74.0 47.7 93.2 81.1 65.2 60.0 86.3 72.7
PCB+CIP 78.1 527 93.9 83.3 66.9 61.7 86.7 735

PAP 79.2 529 94.4 84.5 72.0 66.2 86.1 733

PAP+CIP 81.1 55.6 94.7 85.8 70.8 66.2 87.3 749

MGN" 93.3 67.1 94.9 87.9 783 75.3 89.1 79.9

MGN"+CIP 93.4 67.9 95.0 88.5 80.5 77.1 89.7 80.6
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Table 3 Cross-domain tests 1
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HLE
. FEUERTY MS—M MS—C MS—D M—C M—D M—MS
o R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP
FURBF ResNet50 51.3 25.1 12.9 12.0 56.0 35.2 10.2 9.0 40.2 22.0 11.9 3.6
ResNet50-+CIP 55.7 27.8 153 14.1 60.7 38.9 12.2 10.2 42.6 23.8 13.8 4.5
Zki[¥ PCB 58.9 30.6 14.3 13.2 58.3 38.2 8.9 7.8 42.9 23.8 12.5 3.7
PCB+CIP 61.5 32.7 15.0 14.0 62.8 423 11.1 9.0 453 26.7 14.7 4.6
PAP 63.7 353 16.0 15.2 63.5 43.6 11.4 9.9 46.4 279 15.6 53
PAP-+CIP 64.9 36.3 17.6 16.1 66.5 45.8 12.8 11.3 49.5 30.8 18.4 6.2

Vi X—Y FORERIRAE X AT ISR, EEdEE Y TR MS ACREESE MSMT17; M REEHE4E Market-1501; C fRE# 54 CUHKO3; D 48
FH S DukeMTMC-RelD; R-1 183 Rank-1; [H]% 4

*4 EEHBEENL 2

Table 4 Cross-domain tests 2

HARRMEERE (%)

L
o FEAERR C—M C—D C—MS D—M D—C D—MS
- R-1  mAP R-1  mAP R-1  mAP R-1  mAP R-1  mAP R-1  mAP
ki ResNet50 426 189 290 140 1.6 3.0 467  20.1 6.8 6.3 172 5.0
ResNet50+CIP 503 247 391 203 150 43 503 228 8.5 6.9 200 6.1
ZKJE PCB 521 265 292 152 7.7 2.1 565 277 8.4 6.9 17.2 5.1
PCB+CIP 535 281 340 185 107 3.0 593 296 8.3 73 210 6.4
PAP 555 300 340 179 1.1 32 595 306 9.7 8.0 19.1 6.3
PAP+CIP 585 325 371 199 130 39 623 334 12.1 9.6 250 85
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Table 5 Comparison with recent state-of-the-art methods
AR TER (0
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Fig. 4 Visualized feature maps output by the CIP modules
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Fig. 5 Visualization of the correlations between image patches
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