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Abstract: Cross-modal person re-identification based on infrared and visible images is very important for night scene
monitoring, but due to the large difference in the data distribution of infrared images and visible images, it is difficult for the
model to extract the modal-invariant features of the same pedestrian in different modal. Aiming at the problem of the small
number of dataset samples and the large cross-modal difference between different modal images in the existing cross-modal
person re-identification methods, this paper proposes a generative adversarial network to generate matching images which
are similar to the original images which will augment the cross-modal person dataset while reducing cross-modal differenc-
es. To further reduce cross-modal differences and intra-modal differences, this paper utilizes a two stream network to ex-
tract discriminative features. Meanwhile to improve the positive and negative sample pairs’ clustering effect in the feature
space, an angle-based heterogeneous center triplet loss is proposed to constrain the angle between those sample pairs. Ex-
periments are performed on the SYSU-MMOI1 and RegDB datasets. The results show that the proposed method for generat-
ing matching images can effectively reduce the cross-modal differences between images of different modalities. At the
same time, the angle-based heterogeneous center triplet loss makes embedding features in feature space are angle-discrimi-
native, thus improving the model’ s classification ability. Results on the SYSU-MMOI dataset show that Rank-1 and mAP

have increased by 5.71% and 8.18% respectively, compared with the latest methods, confirming the effectiveness of our
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KSR 66.16 94.35 97.95 62.05 71.29 97.87 99.50 76.26

Ry it — 25 W UE R T B R AR SCHE T T
RS, WNER 2 R . 3E 3 SRR b TR AR AN [ 1 1
T RYPERER I . v R KR AT TS ) 265 B H
B S IG 25, “ I +Center_tri” L “JEZ+AC_ti” 43 7

TN WU 00 265 4 X = 0 20 90 2k 5 48 kg S v s =0
R A BE SR R0 = DO 2 A% T BTS2 5 45 51
“HZE+MatchGAN” /R i H MatchGAN X ECHE 3 )5
XU I 4 A (1 52 36 45 L 5 1 B £k +MatchGAN+
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AC_tri” ) 2 7758 FH MatchGAN XFECHES8 1, IF5% £ B

#3 EAREEL LB MachCAN BRI FRI AR AT L

SR8 Gy = 00 20 4 2 6 ) 4 i AT 0 AR BRUAS 1Y 52 5 AL %
ok All-search single-shot
Baseline
%2 ZESYSU-MMO1 R4 1T RS0 A% r=1 r=10 mAP
‘ Allscarch singlo-shot DGTL 52.72 84.93 49.60
Jrik =1 —10 AP DGTL+MatchGAN 55.74 87.18 51.93
gk 57.27 90.01 55.81 DDAG 54.75 90.39 53.02
JEZE +Center_tri 59.51 88.04 54.61 DDAG+MatchGAN 58.15 91.81 55.64
K2k +MatchGAN 60.53 90.98 57.83 AWG 47.50 84.39 47.75
FEAAAC b 64.74 93.58 59.90 AWG+MatchGAN 50.82 86.92 49.89
H2k +MatchGAN+AC_tri 66.16 94.35 62.05
. T D g \ " .
a5, U GRRE A Y 22 B R IR Y Y 2o 05

A @S5G T LUE H AR SR B ORUE ) 45 E
SYSU %t ¥ 42 I+ 19 all-search £ 2. rank-1 BE % 15 |
57.27%, B2 T BB Be i iF 22 3080 SRR T
AR SCRFAE il A A5 21 B B0 Ak A R AR T 5, T AL
ST B R 2 v 8 X = e A 98 A o ) S A R
O TR R AR B R s S on IR S
rank-170 W4 TF T 2.24% F13.92%. 15 ZAE B # ly F A
HRUD = e IR R R BORLLE rank-10 AT mAP | HUBL T 17
HER AT O, 1156 A R FH IR 25 400 Ak A B | I £ A
A TERFAE 23 [8] v (0 SR SRR FF AN -, X 45 AW i DC fic 31
BN G IEREAR Y IEFEA A7 78 B B LA R34
SEASALET , AN BE AR 5 B UL ER B L R A S
g rpCy = T 5 % 38 Ao 2 SRR 18] d AR RRAE 25 ] R
J7 ), AL T HREAF ] B A RRAF 25 (8] o () SR 28R, i A
TR Fi f8 B S b ) DT A7 CREAE BT i 28031, i A TR 3R
SR E .

6] i 7 52k AN E MatchGAN J5 , BERIAE rank-1 F11
mAP 5514 3.26% F12.02% B4 T, 160 HoA= sy e
T P4 R % o) B30 G 1A 7 185 58 A 280 A1 IR 1] g A
B2ES . Ta MG A s H S 38, IRk FH £
JE SR L = e IR R AL R T O AL S T A
A8, UERH T AR SCHEZR A A 250

Sk — 25 BH A SCHRE 1 D (RS AR R TR RE S
FEXRT IS BT N B UEA T3 ) 1 [ B AR A1 T 442 ] 11
25, A SCE DGTL® \DDAG ™ DL K AWG! )5 vk
FSIA T MatchGAN £, Jf7E SYSU-MMO1 %548 4 I
AT T 5280, inZR 3 K .

Al LA E], 765 A MatchGAN J7 125 % B R 25 5 42
PEATIE T )5, 78 Bk = AL b rank- 1 EH 2R 2 5112
T 3.02%,3.40% L) % 3.32% , [AlIF mAP (&t 43 5452 7+
T 2.33%,2.62% V4 B2 2.13%. 528645 FAERA T A SCHE Y
i) MatchGAN Az 8 DG it 145 1) 7125 B A% R A1 (145 1) 7Y
B 22 57, LRI AU R A T 25 &) $ OB X A A AR Ab 6
FRFAE , DT B THE Y 1) 4325 B8 ) A RE R 35 9F g
i BE A% 42 1 B A SRR b, X B R S B0 4 R AT R

AU .

TR B A AR IR R AS TR] 9 = G 2H 45 2 % o 4%
HEATARACET , IE AR ATERRAE 25 8] Th BRSROR 1Y 25 57
ALy A SR I ME = T2 45 0 AN A B S A v =Tl
T4 S DI Rt A B T {11 k-means BV XA 8 2547 A
EMg AT R 28 o 447 A 85K RGB BI{& , 8 K IR
FEG . B G K B AT Y SR S 45 S A 435 F 25 8] AR T-
SNE Bk 47T nl M Ak, 75 21 (9 R AR i # 5 R, Bl
HEIEAR R RCB B/, = MAIBARELAMNE K, AN [A] Bt
MR AR AT NS5 .

XFECIE S5 (a) (b)), AT LLBA I oo 52 2175 5] 5 (b)
K A B SR 0 = n AR AR A T A S AN
AT N MG AR AE 25 1] 4 28 (] BE 25 (51 40 o) 20 i
KTHAERE 5 (o) FZEMEEES (Bland,). X —H 40l
B HT & BB S 1L A R AT AN AR AR 23 o] B L IX 3P, D
1T LA T A 3 o B O 25 5 I i AT N R BT s 2%
S, BT T N TR I A

VE— BRI 5 (b) , BERS & B 2RA T NFEAR B R
BRI T 5 (o) FREE NS 2SR R A B S s
IR IR T AL S | BEE A R IRl—1T A
B R Z B A N BEES ; Rl AR 3 T 181 5(a) , [Al—17 A
[FIS R Z B R PR S (BN d, 5 d ) B RIR BE Wb T,
X — Bl G 2 WA A S PO = g B T A ok X
FRIEHEAT AR T 2, Be8 A 2508 A [R5 2 ]
) B AL 2 S X B 3 A5 i J P 5 )

Ry i — 20 B R AR SCRE T R A RO AR SR
RegDB B0 8 42 0 19 vk 5 Hoh et ik b4 T
L, a5 R 4 s

WX LR 4 RS AE R, AT LU AR SCHE Y
J5 1 AE RegDB B 4 FARAR IR FF T 8 AT A PERE R I,
rank-1 JEBH 2R BE 5 B3k 81.17% , 3% Ui WA 4 Sc 82 1 )y vk
HA Bz ARE 1, 608 5047 1) 2= > B X RS AR 4L
R RRIE , LR T BB 08 T 25 ) 4% 31 55 22 DG E 11 25 A
SEUE.
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