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Cross-Modal Pedestrian Re-identification Pre-training Method Based on
Catastrophic Forgetting and Combination Superimposed Erasure
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Abstract: To meet the need of building a 24-hour full-time video surveillance system, cross-modal pedestrian recog-
nition based on visible light and near-infrared is widely concerned by industry and academia. However, most of the current
cross-modal pedestrian recognition tasks attempt to use pre-trained models on ImageNet to learn modal commonalities in ad-
vance, but there are large modal differences between ImageNet and cross-modal pedestrian data, in the pre-training process,
the color information is taken as one of the distinguishing features, which leads to the common features learned in the pre-
training is not suitable for the information representation of the colorless infrared image. This paper proposes a self-super-
vised cross-modal pedestrian recognition pre-training method based on catastrophic forgetting and combined superposition
erasure. Firstly, the pre-training data are filtered by using the proposed catastrophic forgetting score, the aim is to reduce
the domain gap between the pre-training data and the follow-up task data, and further reduce the training time of the model.
Secondly, aiming at the key distinguishing feature extraction in traditional cross-modal identification, this paper designs a
strong channel data enhancement strategy by erasing and combining the R, G and B channels at the channel level, multi-
type samples with different colors are generated, which makes the model focus on texture information instead of color infor-

mation. Finally, a self-supervised learning framework for cross-modal tasks is constructed based on the cross-modal data
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filtering index and channel enhancement strategy. The experimental results show that the ResNet50 network trained by the

proposed pre-training method is superior to the current self-supervised pre-training methods when migrating to a large num-

ber of cross-modal pedestrian recognition methods, on the basis of AGW, Rankl and mAP were increased by 8.02% and

5.81% respectively.
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Precision, mAP).

ZHCSEE  FRATE H Pytorch YIZRHEZE , Y ZR [ B e
HIE K K/NEEE E 256%128. A8 SCPEEE M LUPerson 11
BRI RS 220352 5,0.310 6,0.314 0],
[0.266 0,0.252 2,0.250 5 R 47 EHR A —4k . B T 58
1 T A 4 4 0 3 B IR ER AN AR SO TR L
Y K- T R EE A SRR S B G R 0TV L It
AP RTX 3090 GPU Il %k 300 4~ epoch , #1724 >
B 0.007 5, % > FRAGH A 3% s ik 7ok
Adam"®. TR E T WHT 507, R ATF ResNet50 1Y 4 3%
P22 DA KA )= IR | R O A BRI &
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4.3 EIBINEFRAENER

B 2203 T 25 1Y) ResNet50 1275 ) H 57 4 1~ SC0ERY
5 2 AT NCEE U0 Oy ik b R A 0, LA A
AGW'' [CAJ™®' ' DDAG""  AlignGAN"®". i b 15 Il 24
J5 AL A W B RN G W W R A W I N FE Tma-
geNet AT 0 AT &5 U %% . 0 & ko il h

BYOL,SimCLR . MoCoV2 A e A 3C U7 i . il B Bt fff
FHIT I 7 325 (%) BRI B R A R T I At A . Hovp A
ImageNet |78 Wi W 25 19 3 1 9 2 2 T A AT 55
H BRI TT ¥ . PR, B T W B 0N 25 vk il
FH B T 5 B4 2 o 38 1 CCF'S B 2 1 LUPerson %X
e .

£2 BFELESYSU-MMO1 LEYIRFIL R AT %
- P All-Search Indoor-Search
Rank 1 Rank 10 | Rank 20 mAP Rank 1 Rank 10 | Rank 20 mAP
IN + Sup 42.40 85.00 93.70 40.70 45.90 87.60 94.40 54.30
LUP* + BYOL 40.50 80.87 89.41 39.81 43.28 86.23 91.43 53.25
AlignGAN LUP* + SimCLR 38.02 78.18 86.22 37.28 41.87 83.29 89.47 50.71
LUP* + MoCoV2 42.13 85.83 93.37 41.81 45.16 88.05 94.19 54.89
LUP* +430 77 % 43.28 86.54 94.49 43.25 47.70 89.42 95.06 56.63
IN + Sup 47.50 84.39 92.14 47.65 54.17 91.14 95.98 63.97
LUP* + BYOL 51.14 88.47 95.24 50.14 55.68 91.16 95.36 65.14
AGW LUP* + SimCLR 48.27 85.36 92.14 48.28 54.69 90.54 94.32 63.84
LUP* + MoCoV2 53.74 89.23 95.48 52.26 56.21 91.47 96.04 66.87
LUP* + 301k 55.52 90.86 96.32 53.46 57.24 92.14 96.48 68.36
IN + Sup 54.75 90.39 95.81 53.02 61.02 94.06 98.41 67.98
LUP* + BYOL 49.71 85.20 89.00 48.28 53.43 89.11 92.75 60.67
DDAG LUP* + SimCLR 45.19 80.15 85.11 44.34 49.42 84.60 90.11 58.13
LUP* + MoCoV2 50.42 85.86 90.67 48.14 54.04 89.14 92.96 61.23
LUP* +A 3071 52.61 87.14 92.38 50.06 57.47 91.17 97.76 64.45
IN + Sup 69.88 95.71 98.46 66.89 76.26 97.88 99.49 80.37
LUP* + BYOL 65.56 91.32 93.98 61.58 72.78 92.66 93.97 74.82
CAJ LUP* + SimCLR 63.17 90.24 93.78 61.37 71.25 91.39 92.48 74.36
LUP* + MoCoV2 66.52 92.47 95.45 64.48 74.47 95.36 96.45 76.17
LUP* +4% 35 1 68.74 94.77 97.06 65.47 75.79 96.48 98.24 78.17

T IEAE SYSU-MMO1 Fdis 4 b b2 R ansk 2 i
7 . IN AU ImageNet Z4E 4€ , LUP* X 38 CCF'S i % 1)
LUPerson T4, Sup(SuperVised {CFEA VB4 . NF
2 A[ LA H A SCHE H A A X T B B S I 5 vk I
P FHAMh F 30 A B vk . AT T vk v R
I A T ZEHE SR MoCo V2, AR 325 B 7E H AT U iR 31
74 CAJ BYEERE T 7F Rank-1 Al mAP 3% P4 83645 |
IR T T 2.22% F11.18%. TRl , 7EHR2» J5 vk, AR
TN 257 e 2 T 2 A7 B il B 8 pd i 7%
THGIR GnAE S8 )5 1% AGW  AlignGAN RYZERE -, 547
Wi I 25 (IN + Sup) A F Rank-1 5 mAP 43 52 T+ T
8.02%,5.81% 5 1.28%,2.55%.

3 /R T 7F RegDB L BISRZE 3, nT LA 78
RegDB b 3RATT A W 25 5 2k [RI RO F At 450 1) T
B )71 . FE Visible to Thermal B3, 248 3C 07 16 Fi)l| 25
BB A 5 BYOL A0 L 76 AGW By JE Al |- Rank-1 5
mAP 4> B3R 5 T 3.18% 5 1.53%. {E Thermal to Visible

BT A SO R AR AGW 1Y Rank-1 #2755 T 3.87%,
mAP #2551 2.55%.

ARSCRANR] B W 7 0 S B AT T
MR ZE RN 4 iR, 5 HAh B W 7 A0 LU AR SO vk
FERT A, (H FE AR (] 5 AL S VA AT A T[] — 2%

LIRS, 5 A A WB A H ARSI R
HR A R M TS S 2 A S IR R I B AR A T N
PRI T A fE LA A — @ . fFiT®
AR ZAT 5 OS2I 45 S E B, AR SCHT I 25 i AR B A
R R T SRS AT N E IR BT 55 AR B R [A] iE
1 2R A TR I S50 R A SC IR R BT — e
Ptk
4.4 HRRLIE

FRATE e fit Y 20k 4% A 2o T = R 1) I R B
PEIEAT T T I S50, DA TTAR AR SCH H 11 155 455 25 o
P TR B A R . # S5 BoR T R[] J ki
%) LUPerson T-4E T Fil| Zr AL R E R 2] AGW )5, -
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£3 KBHEERegDB LHIRRIER i %
A Visible to Thermal Thermal to Visible
Tk Bl 50 g ik
Rank 1 Rank 10 Rank 20 mAP Rank 1 Rank 10 Rank 20 mAP
IN + Sup 56.30 — — 53.40 57.90 — — 53.60
LUP* + BYOL 55.84 86.68 91.71 52.13 56.09 85.37 92.34 52.19
AlignGAN LUP* + SimCLR 53.31 83.37 88.23 48.02 53.42 84.40 88.11 48.80
LUP* + MoCoV2 56.16 86.54 92.88 53.57 57.93 86.95 93.93 53.03
LUP* +4 35 58.15 88.21 94.10 55.36 59.37 88.76 94.69 54.42
IN + Sup 70.05 86.21 91.55 66.37 70.49 87.12 91.84 65.90
LUP* + BYOL 70.17 86.82 90.35 66.61 70.37 84.90 88.59 63.22
AGW LUP* + SimCLR 67.49 84.75 89.30 63.35 68.18 82.57 87.13 61.67
LUP* + MoCoV2 70.42 86.42 91.14 65.14 70.73 85.47 89.14 63.36
LUP* + K35 5 73.35 87.09 91.21 68.14 74.24 88.14 92.48 65.77
IN + Sup 69.34 86.19 91.49 63.46 68.06 85.15 90.31 61.80
LUP* + BYOL 66.14 81.19 85.12 61.52 65.19 81.28 86.51 59.21
DDAG LUP* + SimCLR 63.90 79.26 84.26 58.30 62.89 79.93 84.83 57.93
LUP* + MoCoV2 66.46 82.24 86.41 61.14 66.53 82.01 87.24 60.67
LUP* +A 305 1 67.61 84.14 88.45 62.47 67.17 84.08 89.14 62.87
IN + Sup 85.03 94.49 97.54 79.14 84.75 95.33 97.51 77.82
LUP* + BYOL 80.39 89.87 91.69 73.45 80.15 88.96 91.90 71.98
CAJ LUP* + SimCLR 78.68 86.20 88.25 71.42 77.34 85.81 87.74 69.50
LUP* + MoCoV2 81.56 90.41 92.75 74.29 80.78 89.04 91.45 73.46
LUP* + K305 1 83.64 92.64 95.03 76.47 82.14 91.97 95.12 75.96
F4 EEREEMNAER LR AT S W
BNy 10-epoch *6 REATEBEEEAENRINEIBRER  H0.%
SimCLR 8.1 T ‘ All-Search Indoor-Search
MoCoV2 %0 AR Rank 1 mAP Rank 1 mAP
3Tk 93 Default 53.74 5226 56.21 66.87
£ SYSU-MMO1 545 45 1t Al i g i ol e 2% RE 5393 | 5274 | 5643 | 6672
%%':F' Randomj’ﬁ%m%ﬁé,Sampledyﬂu4%%#@@ SCC 54.96 53.01 56.89 67.36
%?ﬁ]%#,CFS ﬂ‘j%X’E‘l’%lﬁEﬂzﬁ,CCFS ﬁ‘jzlgi%tﬂ SCC + RE 55.07 53.14 57.04 67.43
B K 25 5 A P S BRI . DAY 2 A 07 v B 5 SCC + COE 55.52 53.46 57.24 68.36
TmageNet-1k (550, 7 45 1 SR 4 100 773K SCC + COE + RE 53.14 51.89 55.43 65.07

#®5 FAREBFE LUPerson HEITIFIERIMIXER 7%

o ) All-Search Indoor-Search
fii 75 5
Rank 1 mAP Rank 1 mAP
Random 52.18 52.40 52.04 65.01
Sampled 52.04 52.47 51.98 64.97
CFS 54.81 53.17 54.04 66.70
CCFS(ours) 55.52 53.46 57.24 68.36

SR T IS UE 5 T 3 4 R A T S IR 1 SR Y
F B FRATT o N AE BN 25 e R DA R B e R X R
[F) R &5 di B i R AT T . 26 6 JROR T AN IR B e
5 Ty v WU 2 ) B R R RS B AGW ik b A 2
R HA Default M ERINI B, HAREEREPLER Y Rl L
KIEAL KEBIFE %5 , RE (Random Erasing ) f{ 2 i HL 452

M 61T LLE e B B T insRimiEdl A
S NG R G 2 S, PEREAS B T O B AR T, 7
Rank-1 Fl mAP 43 5 $E T T 1.78% il 1.2%. [H]H}, ]
DL BRAE BB R A BEMLEE B SR (RE) J5 PEREH
AW T H 24 B HLE R (RE) 5 & I FR (COE) 3
I (P s, P 0 B T A S A e, R TR R B IR B
PR T S0 2 1 B A5 L X B LR RS 5 B 4 Bk
R AEAE RS, A0 2 9K T REERR A ], 1 R yE Y
P25 T BE 23 3G K S Y TRMERE AR 5 1] 2 AR 1Y
Wess .

TEOE Y B, 3R ATT7E AGW . DDAG Rl 7 v | iF4%
ARSCHE 3 R, HARSE LR 7 R . R TE5 R
FEOH 7R TR PR A FRATT ) B i 8 5 R AT LA
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I R R RE  fE AGW I+ Rank-1 5 21538 T i ad
15% WP Tt . 95 8 18 45 5 BB — AR 2
0 R H0 1 5 5 1%, T LA TR R A 4 B AR 1O B BEAS AT N
HRGITr G b A RO S e AR R

R7 RATEBEERAEZNMALHER  B0:%

. All-Search Indoor-Search
itk
Rank 1 mAP Rank 1 mAP
AGW 47.50 47.65 54.17 63.97
64.34 59.50 70.97 77.64
AGW + Ours
116.84 111.85 116.80 113.67
DDAG 54.75 53.02 61.02 67.98
60.87 58.16 69.09 73.72
DDAG + Ours
1612 1514 18.07 1574

4.5 BSESH

FEXT EEAR Y b TR S8 o e TR B O X
PRI 71 A AR 1) 56 T R B 2 o (B3t /0N, DUIASE 250 Sf R W 172
AR B S 71 R B AL, 1717 ¢ o R 23 R AR IE kAR .
[ P S S0 R LM A5 3 1 3R 2R 0 o X i A AR ) 2 )
BE S R L E A . AR X AS R TR R BT T
W, SIS B AE J SYSU-MMO1. 525645 S 4an & 7 s .

——Rank | -m mAP

0.03 0.05 0.07 0.10 0.15 0.20
24

®7 #4005 Rank-1 HImAP 195 £

MO E]0.07 B, B ¢ 34 0T, Rank-1 Al mAP 2%
WAEHTE, 2 o KT 0.07 BF, BERL P BE 46 B0 R B0
Y, 7E RegDB |t FEEEH T 2 BLAY 45 5L, IR AR SCHL
=0.07.

5 it

ARSCHRE T ) TSRS AT AN R BT S T
Yo7k 1 e e AR S IOME P it R R B I R4
P AT , % A8 A R B 2 18] BRI AR R
FHRIR /D T LUPerson 5 SYSU-MMO1 Fl3s ] 2555 . H:
U, R ORI T 4 M A 5 Al T 2 A A T S IR R
RAEE T A W I AR S ek 3 g 4 i Ty U R
fe TR R ) A AR (AR R S T AT N B

AR BE A5 B . FE AN B5 B S AT N B R 4R SYSU-
MMO1, RegDB I i iE 4% 52 40 45 J R B, A SO 4t 11
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