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Single-modality self-supervised information mining for

cross-modality person re-identification

Wu Ancong, Lin Chengzhi, Zheng Weishi *

School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou 510006, China

Abstract: Objective Urban video surveillance systems have been developing dramatically nowadays. The surveillance videos
analysis is essential for security but a huge amount of labor-intensive data processing is highly time-consuming and costly.

Intelligent video analysis can be as an effective way to deal with that. To analyze the concrete pedestrians’ event, person
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re-identification is a basic issue of matching pedestrians across non-overlapping cameras views for obtaining the trajectories

of persons in a camera network. The cross-camera scene variations are the key challenges for person re-identification, such

as illumination, resolution, occlusions and background clutters. Thanks to the development of deep learning, single-modal-

ity visible image matching has achieved remarkable performance on benchmark datasets. However, visible image matching

is not applicable in low-light scenarios like night-time outdoor scenes or dark indoor scenes. To resilient the related low-

light issues, most of surveillance cameras can automatically switch to acquire near infrared images, which are visually dif-

ferent from visible images. When person re-identification is required for the penetration between normal-light and low-light,

current person re-identification performance for cross-modality matching between visible images and infrared images cannot

be satisfied. Thus, it is necessary to analyze the visible-infrared cross-modality person re-identification further. For visible-

infrared cross-modality person re-identification, there are two key challenges as mentioned below: first, the spectrums and

visual appearances of visible images and infrared images are significantly different. Visible images contain three channels of

red (R), green (G) and blue (B) responses, while infrared images contain only one channel of near infrared responses.

This leads to big modality gap. Next, lack of labeled data is still challenged based on manpower-based identification of the

same pedestrian across visible image and infrared image. Current multi-modality benchmark dataset contains 500 personal

identities only, which is not sufficient for training deep models. Existing visible-infrared cross-modality person re-identifica-

tion methods mainly focus on bridging the modality gap. The small labeled data problem is still largely ignored by these

methods. Method To provide prior knowledge for learning cross-modality matching model, we study self-supervised informa-

tion mining on single-modality data based on auxiliary labeled visible images. First, we propose a data augmentation method

called random single-channel mask. For three-channel visible images as input, random masks are applied to preserve the

information of only one channel, to realize the robusiness of features against spectrum change. The random single-channel

mask can force the first layer of convolutional neural network to learn kernels that are specific to R, G or B channels for

extracting shared appearance shape features. Furthermore,

for pre-training and fine-tuning, we propose mutual learning

between single-channel model and three-channel model. To mine and transfer cross-spectrum robust self-supervision infor-

mation, mutual learning leverages the interrelations between single-channel data and three-channel data. We sort out that

the three-channel model focuses on extracting color-sensitive features, and the single-channel model focuses on extracting

color-invariant features. Transferring complementary knowledge by mutual learning improves the matching performance of

the cross-modality matching model.

Result Extensive comparative experiments were conducted on SYSU-MMOI,

RGBNT201 and RegDB datasets. Compared with the state-of-the-art methods, our method improve mean average precision

(mAP) on RGBNT201 by 5% at most. Conclusion We propose a single-modality cross-spectrum self-supervised informa-

tion mining method, which utilizes auxiliary single-modality visible images to mine cross-spectrum robust self-supervision

information. The prior knowledge of the self-supervision information can guide single-modality pretraining and multi-modali-

ty finetuning for achieving better matching ability of the cross-modality person re-identification model.

Key words: person re-identification; cross-modality retrieval ; infrared image; self-supervised learning; mutual learning
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Fig.2 Data augmentation by random single-channel masks
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Fig.3 Comparison of retrieval ranking list between

three-channel model and single-channel model

((a) three-channel model;(b) single-channel model)
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Fig.4 Mutual learning between three-channel model and single-channel model
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Fig.5 Feature exiraction of single-channel model
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Fig. 6 Examples of datasets used for evaluations

((a)SYSU-MMO1; (b) RGBNT201 ; (¢)RegDB)
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10 =3B AE— 5 I E R (Fan 45,2020) H H 67.6  70.6  79.4 75.0

11 (ZmIERA ) = 3EIE—REE R (A< 30) A H 69.0 71.3 80.1 76.2

T O PR R & 5 R L4 28



$074 /5108172022 &£10 B

RFE, WIS, BEF / BRBERSTASRINRESESEERIZE

Sk i B AT P T B A A X T 3 g | A
Tl ] B TE AR B s 3 0 07 12, 43 iR Al
JREE PR Mt A A FH RGB =i F HLFT L % 1%
YENHIA (R R« FLFIE" ) LU Al 85 6%
1§ W5 % (Fan 45,2020 ) 73 2] (%) B33 R .G B A
JRBEEEAE R A (R« B g R )

SEILFHH X SIS 1 A SEREARRD  ZE 2 6 Al
SEHG 11 PR T 25 B 2 2T RV B2 S A
AR RE Ok W PRI T . X HL SIS 2 FNS G
6 A SEYG 7 FIAZES 11, 45 eI« — il — i
I 2E S e =l — =l e S A
A4, kI DA =30 3 R B3 3 114 56 R R 2T BB X
T T AN S50 Y R A1 o 1 A 25 DT I B B,
XF LGS gS 3—50 0 6 A S0 8—SL 0 11, 45 R K W]
et FE B AL B3 T R L 8 R B R B AL T 5L 3
T i i UG TR A B T2 48 i i AN AR i A
BEE, LK S S 10 PG IR 5
BEATL B8 T S —FE ] T B R B 1A R .G\ B
BUR PR REAS AN AR SOk o F T P AL SR 1 4 e
Tk — A T M 1 2l R SR
AR 30 2o 7 DO 4% 72 S TR A T AR AT (1) SO A A A
WGHE AL M ARFRAE . X LLSEE 0 FISEE 1,
W T UnrealPerson HEFLECHE 09 AT 2% F47 N
PURIE 55 (1A 55k

2) 5 4[5t g mxt e, #E SYSU-MMOT |
RGBNT201 £l RegDB iX 3 A~ #¥E 4 5 24 [ s ok
T R B EE R A in g 2—38 4 PR,

MG L5 AT 45 E SYSU-MMO1 |, AR SO
T et FH = AT g B AR A S i A D
B, B 5 MPANet (unreal ) #0254 P RE 786 FH AL
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Table 2 Performance comparisons for cross-modality matching on SYSU-MMO01 dataset
/%

Xk ENER
ik
mAP Rank-1 Rank-10 mAP Rank-1 Rank-10

Zero-Padding (Wu % ,2017) 16.0 14.8 54.1 26.9 20.6 68. 4
D’RL ( Wang %% ,2019b) 29.2 28.9 70.6 - - -

AlignGAN ( Wang % ,2019a) 40.7 4.4 85.0 54.3 45.9 87.6
CMSP ( Wu %,2020) 45.0 43.6 86.3 57.5 48.6 89.5
XIV-RelD (Li %,2020) 50.7 49.9 89. 8 - - -

CMM + CML ( Ling % ,2020) 51.2 51.8 92.7 63.7 55.0 94. 4
CoAL (Wei %,2020) 57.2 57.2 9.3 70. 8 63.9 95.4
em-SSFT (Lu %,2020) 63.2 61.6 89.2 72.6 70.5 94.9
LBA (Park % 2021) 54.1 55. 4 - 68.0 61.0 -

CM-NAS(Fu % ,2021) 52.4 55.0 89.7 67.3 60.7 93.8
CAJL( Ye % ,2021) 66.9 69.9 95.7 80.3 76.3 97.9
MPANet ( Wu %5 ,2021) 68.2 70.6 96. 2 81.0 76.7 98.2
LBA (unreal) (Park % 2021) 54.6 55. 4 92.2 68. 8 60.9 96. 5
CM-NAS (unreal) (Fu % ,2021) 50.6 52.4 89.2 65.3 57.7 9. 4
CAJL (unreal) ( Ye %,2021) 67.8 70.5 95.5 79.9 75.9 97.3
MPANet (unreal) (Wu % 2021) 68.3 71.3 95.7 79.7 75.5 97.9
AR (ZaEER) 69.0 71.3 96. 4 80. 1 76.2 97.6
AL (HLEERLR) 67.8 71.0 96.5 80.0 76.3 97.5
AR (BRI ELA) 70.3 73.0 96.9 81.2 71.5 97.8

TE: =7 R BRSO BT ZEE R IR SRR & S i A2

# 3 7£ RGBNT201 HiE&E Y EES TR RS L

Table 3 Performance comparisons for cross-modality matching on RGBNT201 dataset
/%
PORB—aT 006 TTIO—Hug EaAh IO AT G—iELn sk

mAP  Rank-1 mAP  Rank-I mAP  Rank-1 mAP  Rank-1
TSLFN + HC ( Zhu %,2020) 16.6 13.0 15.7 11.3 22.0 18.4 22.6 26. 4
DDAG (Ye %,2020) 17.0 15.5 18.1 18.4 30.6 34.5 29.5 35.0
LBA (unreal) (Park % 2021) 18.6 18.1 18.4 17.2 31.4 37.3 30.7 31.9
CAJL (unreal) ( Ye % ,2021) 26. 8 25.1 28.7 28.0 36. 8 38.4 36.6 41.1
MPANet (unreal) (Wu %,2021) 28.8 27.6 25.0 23. 4 34.5 32.1 34.2 37.8
AL (=B A ) 33.5 42.5 31.7 27.4 37.0 40.1 36.7 43.0
AR (HLIEIE A 34.5 38.0 30.2 28.2 35.6 40.3 35.1 43.0
AR (RUERIFA) 34.3 39.7 32.0 28.5 38.5 43.5 37.6 44.7

TE: = " RN BRSO B R EER  IRLFARRIR 4 5 e A2
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Table 4 Performance comparisons for cross-modality matching on RegDB dataset
/%
PUsfg—mnT il AR B
Tk

mAP Rank-1 mAP Rank-1
Zero-Padding ( Wu %,2017) 17.9 16.7 18.9 17.8
D’RL ( Wang % ,2019b) - - 44.1 43. 4
AlignGAN ( Wang %,2019a) 53.4 56.3 53.6 57.9
CMSP (Wu %,2020) - - 64.5 65.1
XIV-RelD (Li %,2020) 60.2 62.3 - -
CMM + CML ( Ling %,2020) 60.9 59.8 - -
CoAL ( Wei %§,2020) 69.9 74.1 - -
em-SSFT (Lu %§,2020) 71.7 71.0 72.9 72.3
LBA ( Park 55 ,2021) 65.5 72. 4 67.6 74.2
CM-NAS( Fu §%,2021) 76.7 80.3 78.0 80.9
CAJL( Ye 5%,2021) 77.8 84.8 79. 1 85.0
MPANet ( Wu 55,2021) 80.7 82.8 80.9 83.7
LBA (unreal) 67.0 72. 1 67.7 72.8
CM-NAS (unreal) 83.3 87.3 82.0 86.8
CAJL (unreal) 76.3 84.4 78.9 87.0
MPANet (unreal) 82.2 84.7 83.4 85.2
A (=) 84.8 86. 6 85.1 87.0
AT (HIHIE ) 84.2 90. 3 85.3 88.6
AL (BUBAY) 87.0 89.9 86.9 89.1

TE: =" R DR SO B IR IR AR 7R % S B (4

®5 BRSBTS R A7 R R

Table 5 Performances of applying the proposed pretraining method to other existing methods

/%

SYSU-MMOI ( &4822)

RGBNT201 ( #sif%—nT ILot)

RegDB ( #3f&—TT 1))

mAP Rank-1 mAP Rank-1 mAP Rank-1
LBA (unreal) (Park % 2021) 54.6 55.4 18.6 18. 1 67.0 72.1
LBA (unreal + H&HA9TI%) 58.0 59.3 20.7 18.9 67.8 73.3
CM-NAS (unreal ) (Fu 4§ ,2021) 50.6 52.4 - - 83.3 87.3
CM-NAS (unreal + $&FI%%) 52.8 54.3 - - 84.5 88.4
CAJL (unreal) ( Ye %5 ,2021) 67.8 70.5 26. 8 25.1 76.3 84.4
CAJL (unreal + F2HAYTYILR) 68.8 71.0 29.0 31.9 77.7 85.6
MPANet (unreal) (Wu %,2021) 68.3 71.3 28.8 27.6 82.2 84.7
MPANet (unreal + $2HTYIZ) 69.3 72.4 32.9 31.9 83.8 85.9
ARSC (FIHIERT) 69.0 71.3 33.5 4.5 84. 8 86. 6
ASC (HEERA ) 67.8 71.0 34.5 38.0 84.2 90. 3
AR (BRI RLG ) 70.3 73.0 34.3 39.7 87.0 89.9

TE =R ROE SO B IZEE R ML AR R 2 B B A4 2R
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Fig.7 The effect of mutual learning loss weight w,,
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T SZE BRINEE A Y UnrealPerson ( Zhang 55 ,2021a) |
TE AT N B % RandPerson ( Wang 55,2020 ) 1
FLAAT AR SE MSMT17 (Wei 47,2018 ) i
VARSI T7 2, FHE R R T 18 SYSU-
MMO1 = iE &R PERE, 3K 6 iR, 7EAN )
AT ZRACE 56 T RS ARB AU [, A SOy 40 RE
7E mAP 1 Rank-1 IEB A KT 6% ~ 8% HIHETE,
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®erk, M ImageNet PN RO 25 X)L, 7247 AN B P
B ERFIRRCRA B &R T,

BT ResNet-50 BRI\ B 1y 52 56 Uy 0] 5% 45
https ://github. com/wuancong/cjig _ supplementary/
blob/main/Bff 5%. pdf,

4 &
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Table 6 Performance comparisons on SYSU-MMO01

dataset when using different pretraining datasets
/%

F i R ENER
spg O
Bk mAP  Rank-1 mAP  Rank-1
ImageNet FERPER 53,2 53,4 65.5  57.1
unreal R 61.8 629 72.6  65.7
Person A 69.0 7.3 80.1  76.2
ARl 60.5 62.2  71.2  64.1
RandPerson
AL 66.9 69.4 77.9 72.6
JLpAERl 58.1  59.0  70.2  63.2
MSMT17

VNS 65.5 67.8 77.0 71.9

Ot 1 RS AT N EE P REAS AR R X
S BRI 22 T T SO AR IS 38 DL SR T £ ke
Z o MFRYEX R a) AR SO ST el R 5 13RS
A B AT UGG A B, 42 48 SRS B
5 BRI LS S IT R e I FiR . EEAH A
W7 T - 1) &t — 0 Fif 4L B30 18 4 B8 0 B s 38 oy
B AR 22 5 X S 338 i BN OB R AR 5 2) 42
H0 b = 1A L T DU R B2 S (1 7, =
1 T B T O 1 O & RS RS G A
5 B, (A S 56 R TR D11 2 R A o] aod R w7 XL
B 2 (8] B ARIE RS FAb 78, $2 /5 B B AR T e B 72 ()
FIGNGE ST, AE T WHb—LL o 2R AT N B 48
SYSU-MMO1 .RGBNT201 £ RegDB [ #E47 it #5425
AT NERFIXT L SE 56 R W, A SO s Re A 30 A
PRI AT UL UG B S s 42 4 5 DT 3 L A8 1 AN
ORI [ B B DA B 5 SR VL e, 3K 31 Y 11 5
PertERe.

$E 9 25 ) 7 R T BRI R 9 B UL A
[ A A T 2, B AR A 7 T A R R B8y (H
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