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Abstract In this study, we propose a person re-identification model based on view information embedding. In
particular, a pose-sensitive embedding (PSE) network structure is optimized based on the perspective towards
characteristics of pedestrian images. First, the fusion part of the PSE feature vector is changed from feature fusion
into the concatenation of the feature vectors of three view units, which is considerably reasonable for utilizing
different view feature spaces. Second, the view units are separated from the shallow blocks-3 of the skeleton
network, which improves the difference of the view feature space. Finally, we design a depthwise separable module
based on the improved depth separable convolution to extract features of perspective units, preventing the model
parameters from being considerably large and improving the network nonlinearity. The results of the validation
experiments conducted using the Marketl501, Duke-MTMC-relD and MARS datasets demonstrate that the
proposed method can achieve a better recognition accuracy when compared with several advanced algorithms.
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Table 1 Results of perspective predictor module verification experiment

Market1501 Duke-MTMC-relD MARS
Method
rank-1 /% mAP /% rank-1 /% mAP /% rank-1 /% mAP /%
Except perspective 83.6 62.6 74.1 53.7 67.7 50.1
Proposed
All 89.9 71.6 79.9 61.7 74.1 57.6
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Table 2 Results of improved depthwise separable convolution verification experiment

Market1501 Duke-MTMC-relD MARS
Method
rank-1 /% mAP /% rank-1 /% mAP /% rank-1 /% mAP /%
Except SE-Block 87.0 67.5 77.8 59.6 71.2 54.2
Proposed
All 89.9 71.6 79.9 61.7 74.1 57.6
3 Z R Jr 2 0B RO S E S g 4
Table 3 Verification experiment results of mid-level feature method
Market1501 Duke-MTMC-relD MARS
Method
rank-1 /% mAP /% rank-1 /% mAP /% rank-1 /% mAP /%
Except Mid-level-feature 87.4 70.9 79.5 57.8 72.1 55.9
Proposed
All 89.9 71.6 79.9 61.7 74.1 57.6
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Table 4 Results of improved model verification experiment

Improved method Market1501 Duke-MTMC-relD MARS
SN IM1 IM2 IM3  rank-1/% mAP /% rank-1/% mAP /%  rank-1/%  mAP /%
PSE O — — — 87.7 69.0 79.8 62.0 72.1 56.9
@ — — Y 86.8 66.5 77.5 60.5 70.5 54.9
® — Y — 82.5 64.2 70.1 54.3 68.4 49.3
@ - Y 85.3 65.8 72.5 57.2 70.2 53.8
Ours ® Y — — 87.5 69.0 79.4 61.1 70.9 57.1
® Y — Y 85.9 66.5 75.6 59.9 67.8 54.6
@ Y — 86.6 65.6 77.4 59.4 70.1 55.1
® Y Y 89.9 71.6 79.9 61.7 74.1 57.6
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Table 5 Results of algorithm running speed

comparison experiment

Time /s
Method
Total match Per match (19720)
PSE 141.57 0.0072
Proposed 288.96 0.0147

% 5 ™, Total match F/RE 1 F H 5 5L 4 Ar
A E R 347 VC B Y B} 18], Per match 2 7~ 25 10) 18 |

5 — ke e & R k47 DC EC A B R) RS S T AL, B
PR 1B 1T B [ PSE 4% 1918 (H 2 4 22
K. BT Market1501 A9 5 3 £ B A & ik 19720
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TRy o S b 37 5 v B0 A EE SR X DG JC A s [ C R AR 7Y
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Table 6 Comparison of algorithm results

Market1501 Duke-MTMC-relD MARS
Method
rank-1 /% mAP /% rank-1/% mAP /% rank-1/% mAP /%

P2S(point to set) 70.7 44.3 - - - -
Spindle 76.9 — — — — —
Consistent aware 80.9 55.6 — — — —
GAN(generative adversarial networks) 78.1 56.2 67.7 47.1 — —

Latent parts 80.3 57.5 - — 71.8 56.1
ResNet+ OIM(online instance matching) 82.1 — 68.1 — — —
ACRN(attribute-complementary re-1D net) 83.6 62.6 72.6 52.0 — —
SVD(singular value decomposition) 82.3 62.1 76.7 56.8 — —
Part aligned 81.0 63.4 — — — —
PDC(pose-driven deep convolutional model) 84.1 63.4 — — — —
JLML (jointly learning multi-loss) 85.1 65.5 — — — —
DPFL 88.6 72.6 79.2 60.6 — -

Forest - - — - 70.6 50.7

DGM (dynamic graph matching) +IDE — — — — 65.2 46.8

QMA — — — — 73.7 51.7

ResNet baseline 82.6 59.8 71.5 50.3 64.5 49.5

PSE 87.7 69.0 79.8 62.0 72.1 56.9

Proposed algorithm 89.9 71.6 79.9 61.7 74.1 57.6
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