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Person search algorithm based on multi-granularity matching

YANG Yuting', MIAO Duogian

(1. College of Electronic and Information Engineering, Tongji University, Shanghai 201804, China; 2. Key Laboratory of Embedded
System and Service Computing Ministry of Education, Tongji University, Shanghai 201804, China)

Abstract: Person search aims to locate and recognize a specified person from a series of uncropped images, which com-
bines Pedestrian Detection and Person Re-identification (re-ID). Existing methods based on Faster R-CNN have been
widely used to solve the two subtasks jointly. However, the optimization goals of the two subtasks are inconsistent. To
alleviate this issue, we propose a dual global pooling structure, which applies Global Average Pooling to extract com-
mon features in detection branch and applies Global K-Max Pooling to extract discriminative features in re-ID branch.
In this way, our method successfully extracts features that conform to the granularity characteristics of the two subtasks.
In addition, to relieve the granularity mismatch problem, we propose a multi-granularity gallery boxes re-weighting al-
gorithm, which incorporates granularity difference into similarity measurement. Extensive experiments show that our
method greatly improves the performance of the end-to-end framework on two widely used person search datasets,

CUHK-SYSU and PRW.
Keywords: person search; person detection; person re-identification; multi-granularity; multi-feature fusion; deep learn-

ing; robustness; computer vision
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Fig. 5 Different values of K
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SRS T 0. 4% F1 0.4%; /£ PRW |, mAP Hl
top-1 43 B T 0.3% 1 0.2%, Rl A 1 AT LI
FH, @A T CWS B GWSTE OIM Fl gk 3t Ji5 (1)
OIM 15 SR A% 45 4 %5k, LA B 45 SRAUE T GWS 1)
Bt T LA A 3 A DG R[] R

(b) A%

6 GWS ALk &5 R R
Fig. 6 Visualization examples of GWS
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Table 1 Result of proposed method on CUHK-SYSU

(a) OIM
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Table 2 Experiments of different pooling structures %

i mAP  top-1  AmAP  Atop-1
OIM_1GAP 84.7 85.3 — —
OIM_1GMP 85.0 85.4 0.3 0.1

OIM_IGKMP  85.5 85.7 0.8 0.4
OIM_2pool 85.9 86.2 12 0.9

and PRW %
‘ CUHK-SYSU PRW

Wik:S
mAP top-1 mAP top-1
oM 84.7 85.3 340 759
OIM+GWS 85.2 85.7 344 766
OIM+CWS 86.9 87.2 357 772
OIM+GWS' 87.3 87.6 360 775
2pool 85.9 86.2 351 768
2p0o+GWS 86.3 86.6 354 770
2p00l-CWS 87.7 87.7 363 779
2poo+GWS™ 881 87.9 366 781
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