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cameras in the research of unsupervised person re-recognition, this paper proposes an unsupervised
domain adaptive model based on deformable convolution. Aiming at the occlusion problem in the fea-
ture extraction process, a CNN model based on deformable convolution is proposed. In the pre-
training stage, it is proposed to apply SPGAN to directly reduce the difference between domains. Dur-
ing the training process, it is proposed to use CycleGAN to generate images of different camera styles
to alleviate the problem of camera style differences. A multi-loss collaborative training method is pro-
posed to realize the iterative optimization of CycleGAN and re-used CNN models to further improve
the recognition accuracy. The experimental results show that the method proposed in this paper is
tested in the source domain DukeMTMC-relD/Market-1501 and the target domain Market-1501/
DukeMTMC-relD, and mAP and Rank-1 reach 68.7%,64.1% and 88.2% ,78.1% , respectively. The
model proposed in this paper effectively alleviates the problems of pedestrians being occluded, and

large differences in styles between domains and cameras. Compared with the existing methods, it has

a better recognition effect.

Key words: DCN; generative adversarial networks; unsupervised domain adaption; multi-loss training
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Fig.1 Comparison of traditional convolution and DCN
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Fig.4 Framework diagram of domain adaptation model based on DCN
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Output: CNN 8 F
1:CNN 8 F 7R 5l A7 il 2k

2:for BERIEATREZEMN do:
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8: end for
9:end for

10:return CNN A F
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Tab.1 Comparison results of ablation experiments Y%

DukeMTMC-relD—>Market-1501

Market-1501—>DukeMTMC-relD

ik Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
DirectTransfer 53.3 70.6 24.8 38.7 55.9 62.5 23.2
Direct Transfer + DCN 54.6 71.0 25.8 39.9 56.5 64.2 25.3
Baselinet" 76.8 87.2 56.8 71.8 82.8 83.4 51.4
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ik Rank-1  Rank-5 Rank-10 mAP Rank-1  Rank-5 Rank-10 mAP
Baseline + DCN 80.7 90.1 61.2 74.2 85.6 86.9 55.2
Baseline + DCN + SSA 85.4 93.8 65.7 76.8 87.4 88.7 59.8
Baseline + DCN + SSA + ML  88.2 94.7 68.7 78.1 89.3 91.2 64.1
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(a) Original image
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Fig.6 Fifth stage output feature visualization heat map 1
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Fig.7 Fifth stage output feature visualization heat map 2
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Fig.8 Fifth stage output feature visualization heat map 3
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R, Z 4 U IR U1 25 3 XoF 455 780 ] 1) 32 AR
PRACIN Rt A — o A B A 32 e, ] AR A5 T A 1Y
TANERZE; WIE T CycleGAN 4 2k bR %
(Lssa) 76 BRI 25 b B9 4 M, g 98 12 &
CycleGAN A& jl B BN 1) o 4
34 AXFAZEEREERAETLLLRE

WA 5 0T B AT N IR Oy ik
T, £ 2 45 1 L Market-1501/DukeMTMC-
relD HE L, LI DukeMTMC-relD/Market-1501 K
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Tab.2 Comparison of algorithm results %
‘ DukeMTMC-relD—>Market-1501 Market-1501—>DukeMTMC-relD

ik Rank-1  Rank-5 Rank-10 ~ mAP Rank-1  Rank-5  Rank-10 mAP
MMFAM®# 56.7 75.0 81.8 27.4 45.3 59.8 66.3 24.7
SPGAN + LMP 57.7 75.8 82.4 26.7 46.4 62.3 68.0 26.2
CamStyle® 58.8 78.2 84.3 27.4 48.4 62.5 68.9 25.1
CR-GAN! 77.7 89.7 92.7 54.0 68.9 80.2 84.7 48.6
PCB-PAST"?! 78.4 — — 54.6 72.4 — — 54.3
SSGHY 80.0 90.0 92.4 58.3 73.0 80.6 83.2 53.4
ACTH? 80.5 — — 60.6 72.4 - — 54.5
ECN+ 2 84.1 92.8 95.4 63.8 74.0 83.7 87.4 54.4
SNR!# 82.8 — — 61.7 76.3 — — 58.1
MPLP!# 84.4 92.8 95.0 60.4 72.4 82.9 85.0 51.4
DAAM 86.4 — — 67.8 77.6 — — 63.9
AD-Clustert'!] 86.7 94.4 96.5 68.3 72.6 82.5 85.5 54.1
This paper 88.2 94.7 96.8 68.7 78.1 89.3 91.2 64.1

H AR OB A5 SR, — 7 s X Wy ¥ R 7 B 42 e fir 1 RCHE A vh 3t ke A7 A 1 B R | o3 B AR AR A )

S, A AR ERUE M MMFATY G
W B AT N TR 7 9 5 3 T 3GE N Y 7 R OC B
FANER 7 SPGAN+LMPY  CamStylel® |
AD-Cluster™ . ACTI | CR-GANPI | PCB-
PAST" ECN+ +™ S F 4 7 5 J5 # R 1k £
BRI SSGH Jr ik s B X TC W B AT N E L Y
ZhRA SR T 22 2 AR 2, 2 2] 1D FRAE 1Y
MPLP"™ 7 2 5 3 XUAS IE AR ) SNR™Y J5 3
T v B LR A sk 5505 B DAAM™

Wi Gy I = il A O S R L e
Market-1501 F il i, Rank-1 #E#fi % 88.2% ,
mAP N 68.7% ., ME T HAT G 7 AD-
Cluster ,\DAAM, MPLP, ACT, ECN, SNR %
AR g FE AT, AE DukeMTMC-relD | i
P03, A< 3C O 3k 3K A3 1 Rank-1 o i R N
78.1%.mAP N 64.1% . ¥ T Hun £ 5k,
H # AD-Cluster B mAP i E# 5 7 10%,
Rank-1 4§ BE 828 T 5.5% . B0 iE T A SC A
R

SRSk A SCAE CNIN BB op i AT 2% JE
LR T CNN BRI F7 B A 42 B 2

RO A A AR XA 3 i R 22 450 2% P IR I 07 1, %
fige T AN S AR BLAIL P 19 286 P4 A2 A R R 26 [ A 480
fo TRl A SCHR HH 7 ik S B T R B AT N E R
B SR P J 1 T AT T S O T BE K R
R ) R, B g 7R O AR U AR RO 4R Bz Al
RETT .

AR SCER XA G5 CNIN AL B REAIE £ B i 1) 38
P43 AR A R S () B, 45 R L T AT AR TR S R
CNN BERL i 457 A 4 B0 o7 B i 1] 78 % ik 1) [XC
35, Bk B SRAE SO B S N AR B I
AN TR AHATL XA [] 25 53 5 R 1) ) A8, A T3 245 By
BrAR N F SPGAN . EL 2 0 /)N 3 [] JXUAS 22 5 42
Y Zrad #2 rp 2 H B CycleGAN Az A 5] AH AL
XU PG B AR it D AR AL XU 22 S PR Il i, o T 3
— 25 BT JC W B A AT N TR o R 4R
H Z 8k eR B RN Y25 1 O 5 S 3 GAN A& H
CNN BRI kAR . A 2 T B AT A
TR A0 IR 28 T AR A TR W R T L X AR SO
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WO AT IR AE . S WL AEJR I DukeMT-  BERSA S50 D B35 48 o 77 16 10 388 35 | 20 3 R AR 5%
MC-relD/ Market-1501 #1 H #% 5% Market-1501/ Még 7 i) AL 5 B % o AT R 1) S [ R ML JRURS [ 1 2% 5
DukeMTMC-relD 52 %, mAP 1 Rank-1 43 % PR s R T I W B B A 3 AT N EE U A o
KRBT 68.7% .64.1% F1 88.2%.78.1% ., L4k R, RAAT R A ), ROk TAE AT DL LA 5 vk
R AR SCHE B 3 T DCN 1y 38 [ 35 B AR A SEmh b 3E— 25 U DL TR IR B S
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