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Self-attention Cross-modality Fusion Network for Cross-modality Person Re-identification
DU Peng' SONG Yong-Hong"? ZHANG Xin-Yao!

Abstract Person re-identification is the core technology to achieve multi-target multi-camera tracking. It can be
widely used in many areas such as security, intelligent video surveillance, and criminal investigation. Person re-iden-
tification is a challenging task due to the low resolution of camera, human pose variations, illumination variations,
pedestrian detector errors and occlusion. Compared with the general person re-identification, the cross-modality per-
son re-identification has the variations of different modalities of the same person. In order to solve the cross-modal-
ity problem in cross-modality person re-identification, we propose the self-attention cross-modality fusion network.
First, CycleGAN is used to generate cross-modality images. After obtaining the cross-modality images, we use the
cross-modality learning network to learn the two modalities features simultaneously. SoftMax loss is used to train
original images and label smooth regularization (LSR) loss is used to train generated images. Then, we use self-at-
tention module to distinguish between original images and the generated image, and automatically select the useful
features between channels. Finally, modality fusion module is used to fuse these selected features from two modalit-
ies images. Comparing with state-of-the-art methods on a large scale cross-modality dataset SYSU-MMO1 further
demonstrate the effectiveness of the proposed self-attention cross-modality fusion network.
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Fig.1  The relationship between person re-identification
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and multi-target cross-camera tracking
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Sigmoid W&, MBI EAELE 0 £ 1 Z [0, &5
H 45 3 B AN JFE A6 IR E 4% T R AR IR, X AL R SE
WY ByER B B3R B W 2 25 74
K7 B

128-D 128-D 2 048-D 2 048-D

2 048—DT( FC }>(ReLU}>{ FC )—»(Sigmoid)—TQ 048-D

K7 BESIEIORER
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AN ARG TR . BT CycleGAN A K1)
B AR T IR 46 P 2 s A 1, B 46 5 an R
& RGB H, CycleGAN MK IR B, Kz
REHEEEG A IR F, CycleGAN A K & RGB
. XA R N A BAME. fE— @ BT,
i RGB AT LRG3 E BRI, @ IR &
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3.1 HIERESHNERR

SYSU-MMO1 52 5 il K2R AE K — NS AAT
NN AR, E A 4 A RGB AHFLAIF A IR
ML, HA caml 5 cam?2 NAFEF] A Indoor 35t
T RGB K14, cam3 & Indoor 5% ) IR
1%, HY5 cam?2 & F— 15 cam4 5 camb A
Outdoor 35 ) RGB ElZ, cam6 4 Outdoor ¥
NI IR Ef%. SYSU-MMO1 &3EF 491 MR
17N, BILALHE 287 628 1 RGB EI&, 15 792 1iF IR
KA.

FE M A I fige, izl P AL K T A IR
KIMEAE N Probe, AT 1 RGB B4 1/EA Gallery.
BWMIFNEER, —Fh 2 All-search #3, 55—
#& Indoor-search #i3. [Rib 2 4b, FEREFRECT,
433K H Single-shot Wl ¥l Multi-shot 3. 7E
Single-shot VPR, 78R4 18— M7 N,
Gallery ££& HBEHLIE I — N 51247 NS0 AH [F]
RGB B # L Gallery %, B ) Probe E &)
Ji% Probe #£. 7£ Multi-shot WIPFHF, X T4
PIE—"MT N, Gallery ££4 HREFLER 10 N 51%
T ANERIAFF RGB B A % Gallery 45, P
] Probe EI& 4 EY Probe 4.

RS FPERS, A CMC #iZEA mAP
RIEAT M. FEMVFE, R _ER )77 5441E Probe
Al Gallery. T4 CMC HZEA mAP 177 ML 4
AT NFR IR v — 30 (H2, BEENZEAERE T
cam2 Fll cam3 A& 7E [A] — L7 REE, AT NF )
It 7 E R B g Sk, R, TEVEN SRVERT, 7R
i cam2 ] Probe B, 2 Z & cam3 H 1] Gallery.
X B R — AP, ALFE All-search TR
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Single-shot M| ¥ A1 Multi-shot JUl ¥ LA & Indoor-
search [ Single-shot J3FA1 Multi-shot JTF, 4
SCEREE A T 10 IRSEER A 10 IRI-FJRIME.

3.2 SCI4EYS

BAEH Pytorch™ SRSZIIASCH ) BEE T
BTG W 2. R R, PRS2 ) M4
Je g 7 1E ImageNet L Fi)IIZk 1] ResNet-50 4%
M5 RAME ] AMSGrad®) RillZEM L. 4 E
BLE L (Weight decay) A5 x 107* ARz N 2%
JUE/Res

R TR AW AB B, 28 1 BB 4R
2.2 B E M. fEIX—Bh, 14k
Batch size W€ 32, BILIIZK 60 &, WIR: 2 F
N3 x 1074, 2 RA 20 FANIRLEN 1/10. 5
2 Y BEN 5B B I BAS A 4, 3R 1
B Bl Sl s A 2 S N S8, 2 Je )2 3 3
BRSNS, )45 Batch size WEN 32, &
INZR 60 5, WG Z RN 3 x 1074, S 2] 41T
20 #A A FIEE) 1/10.

3.3 SWERSHHT
3.3.1  A[EHEHRE A XTELSEIE

N T I B R Rl R 4 rp A R

A R, AT T 5 M. 2B 1A —
M R 4, FAE S EAAT N FR 5 B Baseline
W2 Z 25 B — > ResNet-50 ZH %, 1% HUR Hody
%N “Baseline”; 5 2 MMEE 2.2 1T S
AW L%, 5 3 MRS T 2] W 4% 1 2l E
IINBERE SR, sl “EBEES + BEE7;
AN SRAE BRI 5] N 2% 1) Al b N il
B, dn o CEERAS + BUSREGT; 5 5 AN R EEE R
A5 ) 28 R E N R B DA S R
P BIARSCH I HiFER G M 4. 1X 5 2 1
SYSU-MMO1 Fyskis2h Jandk 1 M5k 2 pros, &b
T CMC e ) Rank 1. Rank 10 Rank
20 DA mAP Hs2IG 45 R

M 1 IR 2 T LLE H, 5 Baseline ALk, 7£
FINT CycleGAN A B (1) UG R FH 5 1538 27 )
DX 265 [] By )1 25 S 2 Pl 4G A s i s RS E, E SYSU-
MMO1 # 4 ER S Geh W3 K32t 78 All-search
# T, Single-shot A1 Mulit-shot ] Rank 1 437
PeTH T 3.47% F1 4.77%. {E Indoor-search #zl T,
Single-shot Ml Mulit-shot ff] Rank 1 4> A& F+ T
5.04% F1 5.03%. X XTSI Ui TAES 2.2 715
HRE HH S LA A S 2 ) R SRS A 2T
241 Baseline AL, [RIESF R TR 46 BG4 BT
PR EA.

F 1  HBIFE SYSU-MMO1 All-search #8301 seib 45
Table 1  Experimental results of each module in SYSU-MMO01 dataset and All-search mode
All-search
Wik Single-shot Multi-shot
Rank 1 Rank 10 Rank 20 mAP Rank 1 Rank 10 Rank 20 mAP
Baseline 27.36 71.95 84.58 28.53 32.48 78.34 88.93 23.17
PR 30.83 72.35 84.07 31.45 37.25 80.58 90.22 25.48
P + AERS 31.3 73.34 84.78 31.72 37.98 81.76 91.05 25.39
PSR + BSEE 31.85 74.38 85.66 32.49 38.65 81.74 91.25 26.46
[SPEEWAL E e 33.31 74.51 85.79 33.18 39.71 82 91.14 26.89
* 2 HRHAE SYSU-MMO1 Indoor-search 5zl R [ S2 6 45
Table 2 Experimental results of each module in SYSU-MMO01 dataset and Indoor-search mode
Indoor-search
F5i% Single-shot Multi-shot
Rank 1 Rank 10 Rank 20 mAP Rank 1 Rank 10 Rank 20 mAP
Baseline 32.17 81.3 92.26 42.76 38.95 85.29 93.62 33.73
PSR 37.21 80.81 90.29 47.06 43.98 86.01 93.37 37.09
PR + BVERS 36.55 80.32 90.41 46.42 44.89 85.31 94.18 36.43
PERES + BESE G 37.63 81.75 91.48 47.73 44.82 87.26 94.97 38.07
ERER WAL & 38.09 81.68 90.61 47.86 45.8 86.72 93.86 37.95
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X LG E S B A 2 A SR 2.2 TR RS
PSR SN2 R BB SRS Bl G 2% R G
Fir— R4, £ All-search BT, Single-
shot Ml Mulit-shot fJ Rank 1 23 l#&H T 2.48%
F 2.46%. 1F Indoor-search 3~ Single-shot Fl
Mulit-shot [f] Rank 1 73033 T 0.88% 1 1.82%.
TR L LSRG BB 1 AR SCHR I i B Rl
W4 A . e, B BiE R SRS
WL AT “ESREAS + HIE R 7 LA “ES S + I Al
7, KL T A BB AFEAR KM 75 | % =
JIMEHE Y 1 — R FE R B2 AT T EE Indoor-
search fll Multi-shot 0N, “HFE JEE#E”
) mAP e “PERES + BRASRA” BT 0.12%,
AT o A2 s ) AR o T 2 4 i LA R 1 i) il 2 —
AN, IEARSKRE, PIANMBEE I [F) 48 A b s A
BT AT — AT A 2L

A2 18 SENet ™ rf it /X 45 I 1] 5 2% FE (1) 43
M7 i, THE T AR IO 25 AN AR BRI X 2% )
GFLOPs (Giga floating-point operatiuns per
second) MZH &, Wk 3 P, HA, 51 =ik
(% N Fe — B K /NN 256 x 128 R R E1E, “BERE
B + BSEAT A CHER RS A 4%
(T N A — 18 KN 256 x 128 18 2 1 MG Al —Tig
A2 AR TR/ I B B . Bk 3 T, B A
B 21 M 2% 5 Baseline /L, GFLOPs f1Z4{ & 48
FHIE; IMNBEZEIBEYE, GFLOPs ¥ 1
0.001048576, ZH =GN T 4.12%; HTHANZMW
e, “BSBis + BLSRAG" M4 GFLOPs &
Baseline FJ# %, T Max #AE %G S5, AT
U BRI KA. “HEE SRS %
5j Baseline #iEt, GFLOPs ¥)1 7 2.706867200, &
BEIEIN T 6.18%. W W HF & I GFLOPs
(52 P Hofsk, GFLOPs 38 b0 3= ok 5 T4\
by

3.3.2 FMEESITABIR? State-of-the-arts X
S STy

PTATAE SYSU-MMO1 s s AT A

iR State-of-the-arts #1477 X L. H “HOG +
Euclidean” /&7 RGB-RGB VLEC 47 A FE 1 51 17
R AR SGRE R DTV R R, T RFIELE £ HOGH
RRAIE, BE 2SR A R GRE & & “LOMO + KIS-
SME” [F ¥t 2 F1) A% e 0458 sGR ) 0732, F T4
fEE R LOMO® REAE, BH 55 % & 5 LA H KISS-
ME®; “Zero-padding” " J5 % J& TR &5 2] 7k
O JE T IR BERRAE 2 310k, %0766 =8 1E Y RGB
Kl oy —iBIE K S, 2 JEPESS 2 liE AT &
BT, F IR W EEAS 1 dEE T REHT, 2
Ja A S 5 ) RGB BIAT IR g — N 2%, F
F SoftMax 1253471 5; BDTR! J& TR 5% 2 >
PR s B S RN i = R B2 1 U Rt o
AWML RGB B A1 IR B R 5 A3 TR AE$E HE,
FIH SoftMax 451 2 F1 X [a] HE 7 403 2 2E 4T W BF
IZE; cmGANY J& FIRE S 2] ik R TS
FE &2 21k, TR = e IR R AR s AR S
FEAEE B, PRUE SRS G SORE AN FE B KT8
WS U I IEREAXTFE RS, [RIB FIA SoftMax 4512k
KT N ID BT MBSk, oS GAN M4
XEPTIZR ) AR 78 ) 48 3 20 FH — > A Fok X
MG RGB KSR IR K. 5 Eik 4 AN 7idaxt b
et st BNk 4 f13 5 pik.

M 4 FNZ 5 v] DUE Y, 38 TR B 22 S I S A
AT NFR A 7 B 5 378 U T % e e =
%A, BT EEESAT NER A E T AR
8/ B Zero-padding I FH #3454 Res-
Net-6, BDTR F|H 12 M 4% AlexNet!”. A3
FIHHIFE R cmGAN J5 kR 3R —5, N
ResNet-50. ResNet-50 t/2& RGB-RGB 17 A i
) B FE N 2% . SR EE SRR AR iR
P EER IS G M A A T FIR T E S —
MR R AI$ETE. 7E All-search #ixU T, Single-
shot ] Rank 1 A ttF Zero-padding. BDTR #
cmGAN 435 F+ 18.51%- 16.3% 1 6.04%. Multi-
shot /) Rank 1 #HttF Zero-padding A1 cmGAN

3 IMAZBEHEMN GFLOPs M4 &

Table 3 GFLOPs and parameters after joining each module
51k GFLOPs GFLOPs# tt T Baseline 2844 S S EAH LT Baseline 12810
Baseline 2.702772224 - 25 557 032 -
PRS2 2.702772224 0 25 557 032 0
P + AR 2.7038208 0.001048576 26 609 960 +1 052 928 (4.12%)
PR + BSEE 5.405544448 2.702772224 25 557 032 0
HEE SRS 5.409639424 2.7068672 27 136 424 +1 579 392 (6.18%)
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Table 4 Comparative experiments between our method and others in SYSU-MMO01 dataset and All-search mode
All-search
Dby Single-shot Multi-shot
Rank 1 Rank 10 Rank 20 mAP Rank 1 Rank 10 Rank 20 mAP
HOG + Euclidean 2.76 18.25 31.91 4.24 3.82 22.77 37.63 2.16
Zero-padding 14.8 54.12 71.33 15.95 19.13 61.4 78.41 10.89
BDTR 17.01 55.43 71.96 19.66 - - - -
cmGAN 26.97 67.51 80.56 27.8 31.49 72.74 85.01 22.27
Baseline (43 J57%) 27.36 71.95 84.58 28.53 32.48 78.34 88.93 23.17
PEARAS 2 SIS (ARSI 30.83 72.35 84.07 31.45 37.25 80.58 90.22 25.48
HitE EmE (R57%) 33.31 74.51 85.79 33.18 39.71 82 91.14 26.89

x5
Table 5

f£ SYSU-MMO1 Indoor-search izl T FlES AR S
Comparative experiments between our method and others in SYSU-MMO01 dataset and Indoor-search mode

AT NEFRR 0] EE g

Indoor-search

Wik/A Single-shot Multi-shot
Rank 1 Rank 10 Rank 20 mAP Rank 1 Rank 10 Rank 20 mAP
HOG + Euclidean 3.22 24.68 44.52 7.25 4.75 29.06 49.38 3.51
Zero-padding 20.58 68.38 85.79 26.92 24.43 75.86 91.32 18.64
cmGAN 31.63 77.23 89.18 42.19 37 80.94 92.11 32.76
Baseline (A3 J57%) 32.17 81.3 92.26 42.76 38.95 85.29 93.62 33.73
PERLA 2 S 2% (R SCTT) 37.21 80.81 90.29 47.06 43.98 86.01 93.37 37.09
HER SRS (A7) 38.09 81.68 90.61 47.86 45.8 86.72 93.86 37.95
SRR F 20.4% F1 8.22%. 1E Indoor-search Fx B CycleGAN H TSR AR5 EE &

T, Single-shot ] Rank 1 Lt Zero-padding #
emGAN 43 JIHEFt 17.51% F1 6.46%. Multi-shot [
Rank 1 #tF Zero-padding 1 cmGAN 43542 F+
21.37% 1 8.8%. W LAE i, ASCHR Y HE S
BAMATE SYSU-MMO1 #idfi 45 o gt 7
A ST N AR AT,

4 LERIEB

PR AT N R 5 AL g8 AT N BRI AR E
BT AR FRAT NSRS 224G, 9 T s e s
A, ARSCHR T — A R R ISR A S
JeFH CycleGAN A JEn G NS EE, 2
JE I P R 28 2 T 248 26 7 B 28 11 T P AT I N T
ZEAT NG, $RAE A B RO UG B A
CycleGAN A i BME 70 A BEAT RF AL 7 3%, 5 A
R 28 it 5 A5 LR K 9 R AL 285 1) PR A I R 5 1
A AT N AR AT N RFIE R 7S . /£ SYSU-
MMO1 HE 5 _FASE6 45 RAE W] 1 A SCER 7
A A PR TR LA — BRI R T, AL

Ji, S R S A A AR AL AN X 2% 454 B it
TG, S R AT TR £ R
AR AR SO T 3R TS AR A il ) G 5T B AT B
Uy y f R s AR AT N R R [
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