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Person re-identification method based on lightweight multi—-branch network
LUO Lijie, HAN Hua, JIN Jie, HUANG Li
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Most of the latest person re—identification (Re—ID) methods are based on convolutional neural networks (CNN).
Although these networks have good performance in many tasks, such as classification or object detection, these methods often focus
on the most discriminative part of an image and ignore some other relevant features. The Re—ID tasks need more abundant and
diverse features. This paper proposes a multi — branch network structure based on OSNet ( Omni-scale Network ). OSNet is a
lightweight Re~ID model, which decomposes the standard convolution into pointwise convolution and depthwise convolution in order
to reduce parameters.The attention modules are added to the network backbone, which could inhibit useless information, and the
multi—branch structure can extract more diverse features. It is mainly composed of four parts: global branch, local branch, top
erased branch and channel branch. The global branch is used to extract the global features of pedestrian images; local branches can
learn more fine—grained features; the top erased branch makes the network pay more attention to the low informative regions by
erasing the most activated regions; channel branch can make the network learn more channel information. The experimental results
on Market— 1501 , CUHKO3 and DukeMTMC -reID show that the proposed method has excellent performance for person re —
identification.
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Fig. 1 Multi—branch network structure diagram
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Tab. 1 Dataset information

" g, IgE kg, BhldE

FIAE [ SV N ) i VIO N |
DukeMTMC 16 522 702 17 661 702
Market—1501 12 936 751 19 732 750
CUHKO03-L 7368 767 5328 700
CUHK03-D 7365 767 5332 700
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Tab. 2 The influence of each branch on the network performance

Market-1501 CUHKO03-D

Branch
rankl mAP rankl mAP
G 94.9 88.7 80.5 76.7
G+P 95.3 90.2 82.9 79.3
G+T 95.2 90.3 82.4 79.0
G+C 95.1 90.2 81.5 78.8
G+P+T 95.5 90.3 83.3 80.6
G+P+C 95.4 90.4 83.2 80.4
G+C+T 95.6 90.4 83.0 80.1
G+P+T+C 95.9 90.6 83.6 80.8

o FHE AL AT A4 285 B e A1 N FE TRUBI AR
FIRGPERE , Jinsi o0 26 %8 B 2245 S~ AR oo A5
Soo P, AR 19 L 52 56 |, £E Market— 1501
VA TR RS P2 BRI R AR
RIZEERER R DL 3

K3 EESEBRI R &R0

Tab. 3 The influence of attention modules on the network

performance

Market—1501

Attention Module

rank] mAP

No 95.2 89.5
SAM 95.4 90.1
CAM 95.4 90.0
SAM+CAM 95.8 90.9

N 3 IR &5 T LI Y, R A B
TR MHI TG R, SARMA T E B L,
NJGHEELE) rankl 3T+ T 0.6 45, mAP $2F+ T 1.4
=

AT B8R T 3 #2 Bk ( Top DropBlock ) B9 77 X 2
FLFE AL BR ( Random DropBlock ) B 5 3% B8 N ALk,
7 Market—1501 F1 DukeMTMC | #E47 7 18 fil S 36
T0 ity F2 I %o I 45 B ) T DL 55 4

R4 TR T LK AL OB

Tab. 4 The influence of top DropBlock on the network
performance
Market—1501 DukeMTMC
Method
rankl mAP rankl mAP
Random DropBlock 95.8 90.6 90.9 81.7
Top DropBlock 96.2 91.1 91.6 82.9

R 4 PSR EE R AT LAA Y, T4 bR 22 LL Rl
PUERRAE 2 DS L RRBUE L, T ER nl LA
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Tab. 5 Comparison of state—of —the—arts on Market—1501 and

DukeMTMC
Market—1501 DukeMTMC

Method
rankl mAP rankl mAP
BoT 94.5 85.9 86.4 76.4
OSNet 94.8 84.9 88.6 73.5
MHN 95.1 85.0 89.1 77.2
BDB 95.3 86.7 89.0 78.6
ABD 95.6 88.3 89.0 78.5
Pyramid 95.7 88.2 89.0 79.0
SCSN 95.7 88.5 91.0 79.0
SCR 95.7 89.0 91.1 81.4
The proposed 96.1 91.2 91.5 83.1

% 6 CUHKO03-D 1 CUHK03-L 58 E# 7 E L

Tab. 6 Comparison of state —of —the —arts on CUHK03-D and
CUHKO03-L
CUHKO03-D CUHKO3-L
Method

rankl mAP rank] mAP

BoT - - - -

OSNet 72.3 67.8 - -
MHN 71.7 65.4 717.2 72.4
BDB 76.4 73.5 79.4 76.7

ABD - - - -
Pyramid 79.9 74.8 78.9 76.9
SCSN 84.7 81.0 86.8 84.0
SCR 82.2 717.6 83.8 80.4
The proposed 83.5 80.7 85.5 83.5
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B EAERPERE  7F CUHKO3 3048 I B R A #B
IREN R EPERE B B AR, T —
() W25 285, 2245 2 46 7T LA H 45 A &% rp o
Z I EA MR RRIE  BE & THRE R A
& GAT NEFESUESS . AT E IS, v L
A 2% T8 Z2 W OCTE B AR S, I — LA 2 AT
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Fig. 6 Activation map and query image retrieval results
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