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Cross—modal pedestrians re—identification method
based on global and local features
YUAN Ruichao', HU Xiaoguang'?, YANG Shixin'
(1 School of Information and Cyber Security, People’s Public Security University of China, Beijing 102600, China;
2 School of Investigation, People’s Public Security University of China, Beijing 102623, China)

[ Abstract] Cross—modal pedestrians re—identification is to match and identify the visible light image and infrared image of the
same pedestrian, which is more difficult than single —modal pedestrian re —identification. In this paper, Cycle GAN is used to
transform and expand the dataset to minimize the impact of pedestrian posture changes. Based on the ResNet50 network, a global
feature comparison module and a local feature module are introduced to reduce images noise and the impact of pedestrians occlusion.
The cross—entropy loss and the improved triplet loss in the form of proportional summation are used as a multi—loss joint function to
supervise the training of the network. The experimental results show that the average precision and the top ten hit rate of the proposed
method have reached a high level, which is better than most of the current methods.

[ Key words] cross—modal pedestrians re—identification; cycle—consistent adversarial networks ; global feature comparison module ;
multi—loss joint function
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Fig. 1 Schematic diagram of the conversion and augmentation of

RGB images and IR images by Cycle GAN network
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Fig. 2 The flow chart of global feature comparison module and local feature module after the image passes through the ResNet50 network
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Fig. 3 Schematic diagram of the principle of global feature comparison module
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Fig. 4 Schematic illustration of the effect of images noise during
Average Pooling and Max Pooling
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Fig. 5 Schematic diagram of global feature comparison module
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Fig. 7 Network architecture diagram of cross—modal pedestrians re—identification method based on global and local features
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Fig. 11 Schematic diagram of some images of RegDB dataset transformed by the Cycle GAN
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Zero—pad 1! 17.74 34.21 44.35 18.90
HCML!) 24.44 47.53 56.78 20.08
BDTR!M! 33.56 58.61 67.43 32.76
HSME! 6] 50.85 73.36 81.66 47.00
JSIALT] 48.52 — — 49.32
MSR!14] 48.43 70.32 79.95 48.67
MACE!S! 72.37 88.40 93.59 69.09
DFE!) 82.54 86.32 91.96 69.14
AIHE(IR) 66.67 81.67 90.23 62.96

AT (RGB) 67.16 86.47 91.06 65.28
AR SCH P (ALL) 74.18 89.03 92.67 69.26
7E RegDB 4l 4 b I &8 43 R I U1 445
RNE 13 s, B 13 & 13 (b) g HE RS
SRR RO TE B 1 TRR £ ERE &8 43 1 TR
FoRPUIEREE . RS R I BIEE iR
SR RGB IR TE$E J A2 3455 5 TR LA
I IR E&

(b) gallery

13 7£ RegDB HiE & EMIIX B E84 B R B0IR A 45 R E

Fig. 13 Plot of recognition results for some images when tested on RegDB dataset



59 1

FEGH, 5F . BT R AR ERRIE R B ST AR DTk 25

3.2.4 7E RegDB %34 I O TH B SL 06 45 3 5 0 #r
BAELE RegDB M EIUL A LU I AT AT IAIG
e I ES , BT ARG Z B AR, SB35

BN, HIE, 7RG 46 RegDB HEAT I Rl 52 56, iR
I BE RN HAB T I3 LU WL 3

%3 7 RegDB HURE LRSI 4R

Tab. 3 Results of ablation experiments on RegDB dataset %
Cycle GAN é%%wj A 2 R L top - 1 top — 10 top - 20 mAP
JRFBRHIEAR B

0 0 L =L, +3L; 17.73 34.24 44.32 18.94

0 =] L=1L; 47.32 65.31 75.10 49.23

0 P L= Ly 51.41 75.52 84.20 50.33

0 P L=1L;+L 49.23 58.61 72.20 40.32

0 P L =Ly +2L; 53.21 72.83 82.04 52.33

0 P L =L, +3L. 64.53 82.43 87.93 63.62
P(IR) P L =L, +2L; 66.73 81.63 90.20 62.92
P(RGB) P L =1L, +2L 67.23 86.42 91.03 65.24
P(ALL) P L =1L, +3L. 74.22 89.03 92.62 69.24

FEIE RS b it 46 800 4 RegDB 1125
ResNet50 2815 I RHAE B, F4 R0 B A 4 R REAE
X LRSS R AR R IE AL R IS8 kR 3 (1 24
R R T W B I 25, 5 Bl A ResNet50 %)
% CRHZH E R 3 2R IE sREEHEAT B
ER AL, mAP top — 1 top — 10 Fl top — 20 48
FRERA MR FE (4R =, UE B T 42 JRy RRAIE X6 AR e
AT RFIERL A B T 5 m BT R

i E IR B 4E RegDB Il 45 ResNet50 [ 45445
FIRRIE ] BERRAE 1 i A 4 Je R AR X L ASE B A0 S 35
FRAERER SRS H kN 3 (0 24 BEG pR Bk 4T
W2, A FH RS 1 28 SO Ak sl e it 1Y) =0T
PR MBI I IEALEL, top — 1 T84T 5N
47.32% 51.41% $2 55 3 64.53% ;10p — 10 F&F5 435
M 65.31% 75.52% $215 %) 82.43% ;10p — 20 54543
I 75.10% .84.20% $2 55 51 87.93% ; mAP {43 1]
M49.23% 50.33% 255 63.62% ,iEH] T A S
ok R 3 2R IS pR AR B TR AT A A
FE.

ARSI (IR) FA S5 (RGB) A28 Cycle
GAN £ 45 %5 4l 45 430 5 460 1R RIS FD RGB A
1%, 5 A B ResNet50 [ 4% £53 B FRAE &, B H51F & i
NG JRy RG] FE AR B A S A AR AR e SR I S0 &
2 B 2R oR AT MBI S, RO 1
Cycle GAN [ 24 X $icHis S 27 46 1) O I AR LU AL, top —
1 48HRM 53.21% F3 542 =5 66.73% F167.23% ;top
— 10 F5F5 M\ 72.83% 43 ) 42 =5 21 81.63% F186.42%;

top — 20 8RN 82.04% 43 4% =5 F 90.209% Al
91.03% , ¥ AT (ALL) 19 92.62% ;mAP B M
52.33% 43 W3R 3 62.92% 1 65.24% , iF B A< SCfdfi
H Cycle GAN W 25 RegDB %4l 4 4t — Fh 4 ly
RGB EUZR D IR BRI 732 R AR X AR 78 ) i A 3
H—E R IR

AT (ALL) FUAE Cycle GAN 25 X %l
Pte Y™ 70 MEE e 0 )7 I A L3R, top — 1 HEHR M
64.53% 42155 5] 74.22% s top — 10 765 M 82.43% 2155
1 89.03% ;t0p — 20 F5HR M 87.93% H#5 92.62% ,
mAP $8 5 M 63.62% 5] 69.24%, UEW] TR H
Cycle GAN 2847 7o F1 e 46 1 B0 B, 6 T 1Y) 4% AL
R BIRE FEAG  K R B B4R, ) R 36 E T A
ST (ALL) YA REE

4 HRIE

ARSCHR T T A R R SRR A S RS AT
FARRN I, B Cycle GAN 48 X424 7o Fl
Fgf RFEAKR—47 A RGB-IR E 1y %5728 4k,
R AR 5 4 JRy 5 AE X EU AR R AR 350 A A A e
1 AR PR M s R A 3 S 24 0 2 207 0 1) 52 i 5 Bl
HERY = TR e A5 SURB 2R DA E Bl A e X
H KRB R, AT BN 25 IR R 2 R B A
PRBIB R b BR[O, XSRS 132 A 20 5 2 301 2%
B RGB EMZ AN IR EGHE G 5250 \RGB BG4 R
IR R 5250 IR E5 5 RGB RS2 5, 78 241
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