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Cross-modality Person Re-identification Based on Joint Constraints of Image and Feature

ZHANG Yu-Kang"? TAN Lei*? CHEN Jing-Ying"*

Abstract In recent years, the research of person re-identification based on visible and near-infrared has attracted
widespread attention from the industry. The existing methods mainly use the mutual conversion between them to
reduce the difference between their modalities. However, due to the problem of data independence and different dis-
tribution between visible image and near-infrared image, there is a large difference between the converted image and
the real image, which leads to further improvement of this method. Therefore, this paper proposes a middle modal-
ity of conversion between visible and near-infrared modality. So visible and near-infrared can be seamlessly trans-
ferred, realizing the identity consistency of person and reducing the difference of conversion between modalities. In
addition, considering the scarcity of cross modality person re-identification dataset, this paper also constructs a
cross modality person re-identification dataset, and proves the effectiveness of the proposed method through a large
number of experiments. In the All-Search Single-shot mode on the SYSU-MMO1 dataset, the result of the proposed
method is 4.2% and 3.7 % higher than Rankl and mAP using the D2RL algorithm, respectively. Compared with
ResNet-50 algorithm, the result of the proposed method on the Parking-01 dataset constructed in this paper is
10.4% and 10.4% higher in Rank-1 and mAP respectively.
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The overall framework of this method
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Two-Stream!”, One-Stream!”\ Zero-Padding'"\\
BCTRIMI, BDTRM, D-HSME”!, MSR 2],
cmGANI, ResNet-50. CMGN2 D2RL!"* F1
AlignGANI | Hrf ResNet-50" A SC AT H &5
RN T APHE, BRTTESAE SYSU-MMO1

A5 4E L1 all-search single-shot. indoor-search
single-shot. all-search multi-shot I indoor-search
multi-shot DU LT BEAT SLEG, SLEG &5 AL 43 i i
TE 1 ~ 4 iz, £% R1.R10. R20 4 548
Rank-1. Rank-10. Rank-20. 1, «*” FIRA M
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# 1  SYSU-MMO1 %4 all-search single-shot
B sema 45 2R

Table 1  Experimental results in all-search single-shot
mode on SYSU-MMO1 dataset
All-Search Single-shot
WARES

R1 R10 R20 mAP
HOG!M™ 2.8 18.3 32.0 4.2
LOMO™ 3.6 23.2 37.3 4.5
Two-Stream®! 11.7 48.0 65.5 12.9
One-Stream” 12.1 49.7 66.8 13.7
Zero-Padding” 14.8 52.2 71.4 16.0
BCTR! 16.2 54.9 71.5 19.2
BDTR!" 17.1 55.5 72.0 19.7
D-HSME®! 20.7 62.8 78.0 23.2
MSR® 23.2 51.2 61.7 22.5
ResNet-50* 28.1 64.6 77.4 28.6
cmGAN™ 27.0 67.5 80.6 27.8
CMGN®! 27.2 68.2 81.8 27.9
D2RL™ 28.9 70.6 82.4 29.2
AT 33.1 73.9 83.7 32.9

* 2 SYSU-MMO1 ##E£E all-search multi-shot
R SLIG &5 R

Table 2 Experimental results in all-search multi-shot
mode on SYSU-MMO1 dataset
All-Search Multi-shot
T

R1 R10 R20 mAP
HOG!" 3.8 22.8 37.7 2.16
LOMO™ 4.70 28.3 43.1 2.28
Two-Stream" 16.4 58.4 74.5 8.03
One-Stream" 16.3 58.2 75.1 8.59
Zero-Padding!” 19.2 61.4 78.5 10.9
ResNet-50* 30.0 66.2 75.7 24.6
cmGAN™ 31.5 72.7 85.0 22.3
KTk 33.4 70.0 78.7 27.0

M1 ATBUE Y, ASCIVEAE SYSU-MMO1 %
PE4E I all-search single-shot 150 NiA% 7 H A &
IR R, £ Rank-1. Rank-10. Rank-20 bL X
mAP b7l s HEAE S AL D2RL 4.2 %.
3.3 %+ 1.3 %- 3.7 %.
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Experimental results in indoor-search single-

shot mode on SYSU-MMO1 dataset

Table 3

indoor-search single-shot

5k
R1 R10 R20 mAP
HOGM™ 3.2 24.7 44.6 7.25
LOMO® 5.8 34.4 54.9 10.2
Two-Stream"” 15.6 61.2 81.1 21.2
One-Stream"”! 17.0 63.6 82.1 23.0
Zero-Padding!” 20.6 68.4 85.8 27.0
CMGN™ 30.4 74.2 87.5 40.6
ResNet-50* 31.0 78.2 90.3 41.9
cmGANM™ 31.7 77.2 89.2 42.2
ARITTik 31.1 79.5 89.1 41.3

F 5 MR 6 AR STHTHEH I 5 VA8 Bk 2 1
Parking-01 $#i4E b RSCIS R, HA & 5 i
ARG AT WA U SR aG 45 R, 2% 6 A AT WoOs kR
WA AME S SR EG 45 3

EIS I IRAN Y ow T e SR A E S

Table 5  Experimental results of near infrared
retrieval visible mode
i ARSI NP
T
R1 R10 R20 mAP
ResNet-50* 15.5 39.7 51.9 19.3
AT 25.9 53.8 62.8 29.7

# 4  SYSU-MMO1 ##i4E indoor-search multi-shot
BLseEa 2 IR

Experimental results in indoor-search multi-

shot mode on SYSU-MMO1 dataset

Table 4

®6 A AOGRRITLAME A S Ah
Table 6  Experimental results of visible retrieval

near infrared mode

A 1E 405

WIRES

indoor-search multi-shot

R1 R10 R20 mAP
ResNet-50* 20.2 45.6 50.0 14.7
Y NSWIRTN 31.6 48.2 56.1 19.7

WARES
R1 R10 R20 mAP
HOGM 4.8 29.1 49.4 3.51
LOMO®! 7.4 404 60.4 5.64
Two-Stream” 22.5 72.3 88.7 14.0
One-Stream"” 22.7 71.8 87.9 15.1
Zero-Padding” 24.5 75.9 914 18.7
ResNet-50* 29.9 66.2 75.7 24.5
cmGANM™ 37.0 80.9 92.3 32.8
AT 37.2 76.0 83.8 33.8

M 2 TR i, A SCTTVEAE SYSU-MMO1 4
Y 4E F all-search multi-shot £ N5 3] T 5 LT 1
ROR, HoP /e Rank-1 Al mAP ik 5] 7 H 47 RCR.

M 3 AT AR i, A SCTTVEAE SYSU-MMO1 4
P 4E I indoor-search single-shot 1 5 N A% T #¢
IR, A e Rank10 _FIA R 1 i iF IR

M 4 AT AR Y, A SCTTVEAE SYSU-MMO1 4
¥ 4E F indoor-search multi-shot #= FiE R T
U B

R 3 FI5E 4 fis, 78 SYSY-MMO1 4 £E 11
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TERSAR T IR B4 7532, 3X £ 202 i 1560 T Hr (Al A
BMLIRAEE, & A s 3R s e R s 1 B 5
SEOMAME AR &R . X AE— @R _F R 3 T AR o P
24 s LS AT N B R ) 07k I A7 A5 1 57 3 ) i85t (H
A A LT HA 7 v AR ST R 8 7 R AT AR AE
Rankl 1 mAP | Ab-F455 fHu 7.

M BRI AT LA H— T 1 1) Rank-1
A mAP FIRCREAR, Bon BB AIT NE IR T
ASCATR ) Parking-01 20448 B 1R KBk
%, PRI T ) S T B 4 o R IR A = SR
FAME; 2) ASCHTHE T IEEUT L0 MG R ] WA
T, b ResNet-50 P21 f 389 28 43 7 7F Rank-1.
Rank-10. Rank-20 LS mAP E4y5IEH T 10.4 %.
14.1 %+ 10.9 %- 10.4 %; 75 ] WK BRI 41 A X
T, & ResNet-50 H3E#EZE 7 7 7E Rank-1. Rank-
10 Rank-20 L}z mAP E4r %@t 7 11.4 %,
2.6 %- 6.1 %~ 5.4 %, XA T A ST H 77k
1A R,

3.3 EEaWH

3.3.1 AEESERMERES T

SRS PIRAR A NS S W U S TRA N
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Table 7 Experimental results of different
mode conversion

T3 R1 R10 R20 mAP
ResNet-50* 28.1 64.6 77.4 28.6
LS EIIba 29.6 69.8 80.5 30.7
LSRR 30.8 715 83.2 31.2

AR B 33.1 73.9 83.7 32.9
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Table 8  Experimental results with or without
loss of cycle consistency
Jiik R1 R10 R20 mAP
TR —E ik 29.6 67.1 78.3 311
Btk 33.1 73.9 83.7 32.9
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Fig.3 Middle modality image generated by middle
modality generator

5 1 AT WOGAN LA BB R AE IR PR e e 22 1). i
A, B BB BT N E R B R R s, A
ORI T AR TR AT NE R R 4R,
Nt IF M7 1R I FEBR AL 1A RO PG S
AN

References

1 Ye Yu, Wang Zheng, Liang Chao, Han Zhen, Chen Jun, Hu Rui-
Min. A survey on multi-source person re-identification. Acta
Automatica Sinica, 2020, 46(9): 1869-1884
(MR, EIE, B8, B, PRZE, Wi 2 IREEEAT N E UM R
23R, A Bk R, 2020, 46(9): 1869-1884)

2 Luo Hao, Jiang Wei, Fan Xing, Zhang Si-Peng. A survey on
deep learning based person re-identification. Acta Automatica
Sinica, 2019, 45(11): 20322049
(B, 24, WA, TREM. FETIRES AT NFR I .
H k240, 2019, 45(11): 2032-2049)

3 Zhou Yong, Wang Han-Zheng, Zhao Jia-Qi, Chen Ying, Yao
Rui, Chen Si-Lin. Interpretable attention part model for person
re-identification. Acta Automatica Sinica, 2020, 41: 1-13
(5, B, B, B, g, BRI %?Tﬁ’ﬁx/{%ﬁ“ﬂ
PERLRL AT NEERAITE. B4R, 2020, 41: 1-13)

4 Li You-Jiao, Zhuo Li, Zhang Jing, Li Jia-Feng, Zhang Hui. A
survey of person re-identification. Acta Automatica Sinica, 2018,
44(9): 1554-1568
(FBHhi, 577, K, FRE, KE AT ANFRRIBOR R, A3k
4R, 2018, 44(9): 1554-1568)

5 Zhao H, Tian M, Sun S, et al. Spindle net: Person re-identifica-
tion with human body region guided feature decomposition and
fusion. In: Proceedings of the IEEE CVPR. Hawaii, USA: IEEE,
2017. 1077-1085

6 Sun Y, Zheng L, Yang Y, et al. Beyond part models: Person re-
trieval with refined part pooling (and a strong convolutional
baseline). In: Proceedings of the ECCV. Munich, Germany:
Springer, 2018. 480—496

7 Hermans A, Beyer L, Leibe B. In defense of the triplet loss for
person re-identification. arXiv preprint arXiv: 1703.07737, 2017

8  Wei L, Zhang S, Gao W, et al. Person transfer gan to bridge do-
main gap for person re-identification. In: Proceedings of the
IEEE CVPR. Salt Lake City, UT, USA: IEEE, 2018. 79-88

9 Wu A, Zheng W S, Yu H X, et al. RGB-infrared cross-modality
person re-identification. In: Proceedings of the IEEE ICCV.
Honolulu, USA: IEEE, 2017. 5380—5389


https://doi.org/10.16383/j.aas.c200493
https://doi.org/10.16383/j.aas.c200493

1950 H Zf) E N 4T %
10  Ye M, Wang Z, Lan X, et al. visible Thermal person re-identific- %{{E)ﬁ iéEPUﬂiﬁj(%?ﬁijl?%%

11

12

13

14

15

16

17

18

19

20

21

22

23

ation via dual-constrained top-ranking. In: Proceeding of IJCAL
Stockholm, Sweden, 2018, 1: 2

Ye M, Lan X, Li J, et al. Hierarchical discriminative learning for
visible thermal person re-identification. In: Proceeding of AAAIL
Louisiana, USA: IEEE, 2018. 32(1)

Dai P, Ji R, Wang H, et al. Cross-Modality person re-identifica-
tion with generative adversarial training. In: Proceeding of IJ-
CALI Stockholm, Sweden, 2018. 1: 2

Wang Z, Wang Z, Zheng Y, et al. Learning to reduce dual-level
discrepancy for infrared-visible person re-identification. In: Pro-
ceedings of the IEEE CVPR. California, USA: IEEE, 2019.
618-626

Wang G, Zhang T, Cheng J, et al. Rgb-infrared cross-modality
person re-identification via joint pixel and feature alignment. In:
Proceedings of the IEEE ICCV. Seoul, Korea: IEEE, 2019.
3623-3632

He K, Zhang X, Ren S, et al. Deep residual learning for image
recognition. In: Proceedings of the IEEE CVPR. Las
Vegas, USA: IEEE, 2016. 770-778

Zhu J Y, Park T, Isola P, et al. Unpaired image-to-image trans-
lation using cycle-consistent adversarial networks. In: Proceed-
ings of the IEEE ICCV. Honolulu, USA: IEEE, 2017. 2223-2232

Huang R, Zhang S, Li T, et al. Beyond face rotation: Global and
local perception gan for photorealistic and identity preserving
frontal view synthesis. In: Proceedings of the IEEE ICCV. Hon-
olulu, USA: IEEE, 2017. 24392448

Deng J, Dong W, Socher R, et al. Imagenet: A large-scale hier-
archical image database. In: Proceedings of the IEEE CVPR,
Miami, FL, USA: IEEE, 2009. 248—-255

Dalal N, Triggs B. Histograms of oriented gradients for human
detection. In: Proceedings of the IEEE CVPR. San Diego, CA,
USA: IEEE, 2005: 886—893

Liao S, Hu Y, Zhu X, et al. Person re-identification by local
maximal occurrence representation and metric learning. In: Pro-
ceedings of the IEEE CVPR. Boston, USA:IEEE, 2015:
2197-2206

Hao Y, Wang N, Li J, et al. HSME: Hypersphere manifold em-
bedding for visible thermal person re-identification. In: Proceed-
ings of the AAAI Hawaii, USA: IEEE, 2019, 33: 8385-392

Kang J K, Hoang T M, Park K R. Person re-identification
between visible and thermal camera images based on deep resid-

ual cnn using single input. IEEE Access, 2019: 1-1

BJJA BKJ,BMQA,etal A crosssmodal multi-granular-
ity attention network for rgb-ir person re-identification. Neuro-
computing, 2020, 406: 59—67

BRI %s % N 71 SRV (71 S 71 S
BEFFTTT 1A AT N, AR ot
2.

E-mail: zhangyk@mails.ccnu.edu.cn
(ZHANG Yu-Kang Master stu-
dent at the National Engineering
Research Center for E-Learning, Central China Nor-
mal University. His research interest covers person re-
identification and generative adversarial networks.)

B & PR E
A TRRBARB LA A,
LRSI ) S AT SRR
E-mail: lei.tan@mails.ccnu.edu.cn
(TAN Lei Master student at the
National Engineering Research Cen-
ter for E-Learning, Central China
Normal University. His research interest covers pat-
tern recognition and computer vision.)

FREAS, AR R [ X A
S TREERBE UL EER. 2001 423K
AH A T AN S TREA R L
hr. FEOIT RO EEAEE, Tt
AL, BRI, 2 BRI, A
SEEERE.

E-mail: chenjy@mail.ccnu.edu.cn
(CHEN Jing-Ying Professor at the National Engin-
eering Research Center for E-Learning, Central China

Normal University. She received her Ph. D. degree
from the School of Computer Engineering, Nanyang
Technological University, Singapore in 2001. Her re-
search interest covers image processing, computer vis-
ion, pattern recognition, and multimedia applications.
Corresponding author of this paper.)



	1 方法
	1.1 总体框架
	1.2 中间模态生成器
	1.3 特征约束模块
	1.4 图像约束模块

	2 数据集
	2.1 Parking-01数据集
	2.1.1 Parking-01数据集介绍
	2.1.2 Parking-01数据集评估协议

	2.2 SYSU-MM01数据集介绍

	3 实验测试与结果
	3.1 实验实施细节
	3.2 与现有方法的比较
	3.3 算法分析
	3.3.1 不同模态转换性能分析
	3.3.2 算法时间复杂度

	3.4 循环一致性损失分析
	3.5 中间模态图像可视化及分析

	4 结论

