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Quadrupl-stream input-guided feature
complementary visible-infrared person
re-identification

Ge Bin"**, Xu Nuo', Xia Chenxingl, Zheng Haijun1

!School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan, Anhui 232001,
China;

*Institute of Energy, Hefei Comprehensive National Science Center, Hefei, Anhui 230031, China

Abstract: Current visible-infrared person re-identification research focuses on extracting modal shared saliency
features through the attention mechanism to minimize modal differences. However, these methods only focus on
the most salient features of pedestrians, and cannot make full use of modal information. To solve this problem, a
quadrupl-stream input-guided feature complementary network (QFCNet) is proposed in this paper. Firstly, a
quadrupl-stream feature extraction and fusion module is designed in the mode-specific feature extraction stage. By
adding two data enhancement inputs, the color differences between modalities are alleviated, the semantic
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information of the modalities is enriched and the multi-dimensional feature fusion is further promoted. Secondly, a
sub-salient feature complementation module is designed to supplement the pedestrian detail information ignored by
the attention mechanism in the global feature through the inversion operation, to strengthen the pedestrian

discriminative features. The experimental results on two public datasets SYSU-MMO01 and RegDB show the
superiority of this method. In the full search mode of SYSU-MMO01, the rank-1 and mAP values reach 76.12% and

71.51%, respectively.

Keywords: cross-modal; person re-identification; infrared; data augmentation; attention mechanism

1 5

7 AFERG" ) (Person re-identification, RelD) J&—
T B 7ER AR T B B R ER hAT A A
AR . BEE NI T A2 2 H s EM, 2R
W SRR RGEAE TG 432 B T R Y 56
o SR, A MR ZEEAN L 1 T ] WOCAHPLA R
(RS RGB EMR I VEELAE 55 o (HAERR 22 ML %
PR, AT ORI ALCE R B L B E . B,
R 2 W R G TF IR R G 2L MR L, DAMEDTHD
A ULYC LA ME MR AT N EHR, SE 4 Rl
o PR RPRE S S aIME B
HAWOLE B S, o WoOL-2r 47 N
(visible-infrared person re-identification, VI-RelD) i A&
MBI . SR, £LAMGHUR 2 B s UL B
gL L R Y SN R N TR Gl S EA
BISZIIM2E R, IAh, TEAHRIABS T, SRR
i AT NI BAL A SR ZS VI-RelD U0
T—EMBREL

WA VI-RelD J7 ik FZAENIEMAJr1H : 1) 38
TR RS AR i DB AR (R 5 2) A i 1]
s H bR G, 5 A2 DG JEE 7] 1 A b A A28 P DE i
5% .

SOk B R BIBS L YRR S B, 7RI
25 [] 2 SRR S B AR AR IE R 7R . WL, Zheng
SR felt FH AT GO IE 22 ) B B SR O S A 1R R AE
W Z NS BT 32 ) B HIEFRE . Zhang 5% 7
FLELRRIE SR B Bl i 2R 5ok H SR B B RRIE LAAZ
AN [] ()0 8 AN A R AR RN, JRTEAR R IR A 25 TA) AR
MEFEACIIFEAS, DU Dl R0l A ) Rl R, W
S A RS 7 it R O SRS SR BURRAE , 76 LY
B2 2] 77 e T A R FH S0 — 4k, TED
RS2 SR RN R B (5 B, RIS RS A i 2
Silo Zhang 2" WAk R 3 18 (0] RZE A 22 3008 X

][

WA A — 3t S AR R X5
Ye S P —FP B A XU R A 2 7 ok A
BWJRA SRR LN SRR, BIRME M
RAFAVRIESRELGE J7, (AR AR PR E AT ME LR IR A
fER R, XSECT ARG R R EEE R K

55 it GANTY (i 07 20K MG N — R
BB 5 — M, s MBS EUR I TIIZER,
FEEURZ TR A PR Z 225 . Ye 5" FIH
A IR R B R Ry i B RS 2SI 2 05 3 1 T 4%
Zhang %51 N RS RRE S RS T AR E AR
LR, SRI5 NI BOARS TL S Ak v A IR 22
R FRERFIE . Lu S 4R T —Fhsh 25 v a5
B g, AR A PSS — BB AL
Li W B T — A R G W 26 ok 27 > AT Do s o
EURZ IR s, A &3 T AT OB E
PR BILTAMAME . BRI ST AT AA R AL B AT
WOCHLLAMAGR Z A 22 5. (BAEIZRid e Ha oA
2 AR e HON PR S s | AR RS AT SZ M I 2R A R
SEVE, A R B R MELAORIE

BEXF BRI, ASCHE T —Fh P A G | S
7 AE H. A ) 2% (quadruple -stream input-guided feature
complementary networks, QFCNet), 1% # A4 i F 47
N SR SRR SR, T 0 2 A T NRRIE T 42
I, MM EAT AR RECR . BARH, ARGt T
W RF AE 2 BUCAD fl A AR B (quadruple stream feature
extraction and fusion module, QSFM) FI K i & 4+ 1k H.
#M # e (sub -critical features complementary module,
SFCM). PO RFAE S ORI G5 8 (QSFM) 4 J5t fi i
A TE S B SR R A U R AR PRI 4B R A A
TIEXTH A A — 2 Ak, XEETIAL, LB
TR SR R AT A — AR R 2% 1 DU A
TEMNR R B o3 514 & T 0] WAL AMEEAS i A i A A
AA AT . R IR B AMER (SFCM) B Seid ot

240119-2


https://doi.org/10.12086/oee.2024.240119

Bk, 4. OGHLU TR, 2024, 51(9): 240119

https://doi.org/10.12086/0ee.2024.240119

SRE=WALiIN I EIREERPNIO) 2 2 S T e Ul & 13
BRAVESAT N EAMIRE, BJak —EaS, 38
1317 NF & 2R W HERAIE

QFCNet W45 A AT LA 3 AT A FH DG E 1) 45 531)
PERAIE, 0 BEA RO G2 i T UG R BN [F] 38U
BES . LGN FEE ST

1) &1 T —A U RHF SR B A A, REfSAE
I A2 R R 2 i UE R, R
[FI4ERE T U B R G, SRR BESFHEZ M faX
FHOCHE, IR SRR THIE,

2) Wt TR B ERRE BAMS L, ) [ R AL
05 |5 000 45 5 4 T N AR 927 2 38 ) S AR A2
B BRI HLE T 2 B IR B ARE AT SRAT A
FAE A A TN

3) il i X SYSU-MMO1, RegDB $4l S /)12
P, ASSCER 9 QFCNet £ VI-RelD AL 55 HH L T2
(IERVWsRrS

2 FNXTTE

2.1 4%

BV = [l € V), R = (x1x € RIMBURES AT A
VIS B ) RGB SR R S, Hort
RI AR R NY, = gl € V), Y= e €R),
WTIEFR, Wy iLfEY, veitffyl. VIReID ¥
AR B 3 000 WG G 52T AN U A LG i . A
B, VI-RelD fE Ak F 47 6T HOE IR 1 5 20 5h
Gt 6 8 T4 A B A MR R A AL, 9F

QSFM

Shared stage1
Shared stage2

A1

(f HA AR B 3 R 2 T X0 Bzl AGW!
R RO P2 A RS S o T RS O B
RO2% ph PIER X2 A, RIS L A 6, AR 2 i

R0, 6.0 WA WOCHZAMAGR)S, FIFIRESYE
SEJZO,, 053 RO WOCHLLAME SRR o SRIG N

FIRUEIEEHLRI AR ARSI R R . O T HRBUT A2
THT SRR AR, Smd T ADCRCRYRCR, ARSCiR N T
VU kA G| B R AR B AN ZE (QFCNet), 945 B {4
RGN 1 R o AESEER S R A BT B, Bt T
VAR SR ICRTEL A R (QSFM), §7FE T WoLHZLob
BEASHE SRR o RS ESRI B, Bt T
UK ERRAE HAMEER (SFCM) DL R 3 FRIE (1 42 1] 0 3%
{5 VNN R | R AT T = 3 B 1 3 SU LU el
RN B % i B RHEEA T2

2.2 MiF4SMERENVANER A 1EER (QSFM)

A W SEESFLL A UG AR EEANTR], PR
B Z AR KBS 22 5% . RGB B s Bl
0, SR HABAR RSN . AL R, Z04h
PG P A, Womi = 2R A5 B SR, RGB

PG A 4 — 38 T8 98 9 N TE AR R &% A A A, 3
R/G/B il Z A1 HAT R ARG, RS R Bk

ST SURAIE, HE AN SR B S SFIAR IR, A2 AUY
RTEB OB A5 R o HE T SORB ERR S 50
FHSCHY KL M Z R R B . MIZLAMASEAR TG )
PRI PR ST AR Y, PN REAS HA Dy oh =i
AN E R SR, B R RZHOT 1 2R
S b AR A 22 S o ABATPRALLA N A =4

Shared stage3
SCFM
Shared stage4

QFCNet 44 K

Fig. 1 QFCNet structure diagram
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Fig. 2 Modal reweighted recovery module
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2.4 ZHRBEAML

N T PRIEREIIPERE , BATTAEA R iy Y RFAE 2 )
FHEE AR B 3 5325 Lig"™ FUIMALE W16 = T 4 45
R Lo R AL,

B IS 8 TR — B 3 O AN TR 2 PR A ]
—J&, ATRATERHIEZS [BI40/ NENBEES , FEAS SO ]
U R, BT

Lig(x;) = y;log(p) + (1 = y;)log(1 - p)) , (33)
P RS I —HEAS, v, 0 0 L B 28
(B, pi A O 2R 28000 x, J T izAe A B A

IAE AL =ITCZHIR L, IS P RIS RS
DTG IEREANS ,  SUREAS R i 2 1] 1 = B2
RAMADH R . FRUnTE

Lun()) = log(1 +exp()_whdl,= > widi)),  (34)

D) expledt)

%zzﬁww@ywzz%éméﬁf (33)
Kol (L RE R A =04 d 2
FEAR 2 IR B AP TR 7, P X 0 A TE A
BN RIS, ERIBGEN AR T IE SR
%2 AR AL BE 0, 86 T 3 AT
SMHEEH.

R R

L=Ly+Lyy. (36)

3 EWERSHMW

3.1 1 HIEESIEMNIERR

B 4R 75 ¥ 32 B 7E SYSU -MMO1™" % 4% 4 il
RegDB"™ $udi 4 F 47, [AEHE A rank-k 35 51 5% il
mAP VYK B A A R AN 8 bR

SYSU-MMO1 J&# K VI-RelD Biase, %5
A 395 DAFE SO, Hh g athh 4
BEAGHLARIUY) 22258 55 0] WGEIGH 2 B HEHLER
B 11909 5K T 2050 B . KA S 96 T A
HEE AR 20 B 248 AL (all search) 1%
W8 R A (indoor search), o448 A A I H Ak
A

RegDB U4 £ 135 412 MR BB 0T A, &
AMTNA 10 A0 GRS 10 AN ELrdbEG . R4
A (Y VI-RelD B8, BEHLIMEL 206 B3 T4,
HAy 206 A~ F 0 TR Y Zr/miat o i A i 2
TR DR A E O AT R ENR (i) SO LT
SRS (B KPS PERE

ARSI JEAE PyTorch 22 H1 2R FH python 3.8 IR
JEFIRERR S, JF7E 54> NVIDIA RTX A4000 if
R, ARSCEEE AGW!Y VR SEHEM 2 . f A%
K/NJEHHEN 3x384x192. FEYINZRB B i Bk b
HBEAIBENLIN 6 1T N B0 ik £ 4 5K VIS EIZ I 4
ik IR %R . % WA SGD ik #%, zhi -k 0.9,
EI LRt B, PIG2= > %k 0.01, 10 IIZ)E
FHIRAAS IR 27 ] R38N 0.1, 7853 20 4> epoch Fif
272 RN E] 0.01, FEEE 90 4™ epoch Aif 2% 2 K i —
A E] 0.001, ABIR LR 100 K.

3.2 XLIGEERITLE

AR TR 5 A T W40 AT AR
SR T AR A A IR B A, R
ERANE 1 2 PR,

TE SYSU-MMO1 HdasE by 248 2R 2 N i R
RAEER L 1 s, AR, AOTERNA TS
WA —E T, FEEE R, QFCNet 1
rank-1 fERA 22 F1 mAP {H 73 583 T 76.12%, 71.51%,
BRI DSCNet 434 55 T 2.23% Fil 2.04%. TE=
PR, H rank-1 HERT R A mAP {543 315455
T 80.43%, 83.61%, Lt DSCNet 4> 542 T 1.08%
H10.96%, Ferh “7 IR SCASE K IFETR .

RegDB %4l 4 A 45 B an 2 2 BioR . 7E 1 0ok

240119-7


https://doi.org/10.12086/oee.2024.240119

Bk, 4. OGHLU TR, 2024, 51(9): 240119

https://doi.org/10.12086/0ee.2024.240119

% 1 SYSU-MMO1 #38 & tbdz 25 £ /%

Table 1 Comparison results on SYSU-MMO01 dataset/%
Setting
Method Publish All search Indoor search
rank-1 rank-10 rank-20 mAP rank-1 rank-10 rank-20 mAP
AlignGAN®! ICCV19 424 85.0 93.7 40.7 45.9 87.6 94.4 54.3
D2RL™ CVPR 19 28.90 70.60 82.40 29.20 - - - -
X-Modality!" AAAI 20 49.9 89.8 96 50.7 - - - -
DDAG" ECCV 20 53.61 89.17 95.3 52.02 58.37 91.92 97.42 65.44
Hi-CMD" CVPR 20 34.9 77.6 - 35.9 - - - -
JSIA-RelD*” AAAI20 38.1 80.7 89.9 36.9 43.8 86.2 94.2 52.9
MPANet” CVPR 21 70.6 96.2 98.8 68.2 76.2 97.2 99.3 76.9
AGW!™ TPAMI 21 47.58 84.45 92.11 47.69 54.29 91.14 95.99 63.02
CAJ"" CVPR 21 69.9 95.7 98.5 66.9 76.3 97.9 99.5 80.4
MCLNet*” ICCV 21 65.4 93.3 97.1 62.0 72.6 97.0 99.2 76.6
DSCNet” TIFS 22 73.89 96.27 98.84 69.47 79.35 98.32 99.77 82.65
FMCNet” CVPR 22 66.3 - - 62.5 68.2 - - 74.1
PIC®" TIP 22 57.5 - - 55.1 60.4 - - 67.7
PMT?? AAAI 23 67.53 95.36 98.64 51.86 71.66 96.73 99.25 76.52
MTMFE® PR23 62.56 93.85 97.63 60.57 65.06 95.17 98.17 73.86
AGMNet™ J-STSP23 69.63 96.27 98.82 66.11 74.68 97.51 99.14 78.30
csvie! IF24 70.13 96.15 98.79 65.32 71.00 96.96 98.99 75.21
TMD® TMM24 68.18 93.08 96.84 63.96 76.31 97.28 98.91 74.52
QFCNet Ours 76.12 97.23 99.14 71.51 80.43 98.75 99.58 83.61
% 2 RegDB # 48 &b 4 R /%
Table 2 Comparison results on RegDB dataset/%
Setting
Method Publish Visible to infrared Infrared to visible
rank-1 rank-10 rank-20 mAP rank-1 rank-10 rank-20 mAP
AlignGAN®! ICCV19 57.9 - - 53.6 56.3 - - 53.40
D2RL™ CVPR 19 43.40 66.10 76.30 44.10 - - - -
X-Modality""” AAAI 20 62.21 83.13 91.72 60.18 - - - -
DDAG" ECCV 20 69.34 85.77 89.98 63.19 64.77 83.85 88.90 58.54
Hi-CMD" CVPR 20 70.9 86.4 - 66.0 - - - -
JSIA-ReID¥? AAAI20 48.1 - - 48.9 48.5 - - 49.3
MPANet"! CVPR 21 83.7 - - 80.9 82.8 - - 80.7
AGW!™ TPAMI 21 70.05 86.21 91.55 66.37 70.49 87.21 91.84 65.9
CAJ CVPR 21 84.72 95.17 97.38 78.70 84.09 94.79 97.11 77.25
MCLNet®™ ICCV 21 80.31 92.70 96.03 73.07 75.93 90.93 94.59 69.49
DSCNet!” TIFS 22 85.39 - - 77.3 83.5 - - 75.19
FMCNet” CVPR 22 89.12 - - 84.43 88.38 - - 83.86
PIC®" TIP 22 83.6 - - 79.6 79.5 - - 77.4
PMT?? PR23 76.10 88.86 92.41 74.39 72.18 87.06 92.38 71.04
MTMFE®” AAAI 23 84.83 - - 76.55 84.16 - - 75.13
AGMNet™ J-STSP23 88.40 95.10 96.94 81.45 85.34 94.56 97.48 81.19
csvI®! IF24 91.41 97.72 98.92 85.14 90.06 97.46 98.74 83.86
TMD® TMM24 87.04 95.49 97.57 81.19 83.54 94.56 96.84 77.92
QFCNet Ours 93.28 97.94 99.04 88.89 92.35 97.72 99.14 88.10
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FNLL ] (visible to infrared) AUKE Z AR T, QFCNet )
rank-1 MERf R F mAP {HiK3] T 93.28% . 88.89%; Lt
AR FMCNet 43 35 T 4.16% F1 4.46%. TELTAb
F 7] W% (infrared to visible) IR AR T, QFCNet
() rank-1 7 7 % F1 mAP {5 43 9 35 2 T 92.35%.
88.10% .

3.3 HEhLIE

R T VAl QFCNet BSB89 4 &5t FRATTHE
SYSU-MMO1 il £ () AP R 2547 17— R0 52
5. AT NEUEM L, HH ResNet-50 =+ M 4% F
PR PRECA R . AR SCHESEE 45 1 B6RE |, B IMA
AT, SR EE IR 3 s, b EdER
AHAESEME I 2% L TR ig— S, SRR (RS BT A —
FEMETE, XISIE T AR I 2% rf ) R AN AT
iy, fJEH QSFM HI SFCM — E B4 i A L v )
%, 13EIRAREE R, SRR, Uiz
RRAL ) P et

3.4 SFCM AN EBIELRR

YR 2 A B A M o 4R B 1 AL 240
U EE R, DA T N 2R CHERRIE . o TR
FYALE Resnet-50 P45 Y stage0 £ staged f5 96 AWK i 3%
FEAE EAMBBRI AR, ARSCHE SYSU-MMOT f) 4%
KRBT AT T —RINLE ., LA 4

Fime USRS &N, T8RN rank-1
1 mAP.

WAL 4Py 25 ], AT R AE stage0-
stage3 Z 51 A SFCM Bidk, BIRIMEREARAT T It ,
X PR R R A B R A MR 1 7 T P Z2 B R
R BRI 4248 T e o I EUR SRR
AT AN VERCHAE T 2 mT IS B . FEARG M 4% i
A SFCM i, BARVEREA T, (RGN 452
BN RAEAL A R E R, ARITEgon T A
& X UGHC . SRIMTE staged 5 ffi A SFCM bk, g
B3 ATE stage2 Fl satge3 S5 HIPERER T M %, X
TR GO B 2% AR RESRBGS ZU TR U S, (H=ERE
BHERBBIRA,, SRS 2R, SRS 4
P, FrLAIZRRICRCSCRE 2 N, Mgk s
W5, 7E stage3 ZJ5ifi A SFCM Bt fe A,
K SFCM BEHUITA stage3 Z 5 o

3.5 AL
3.5.1 BAZRHT

H TR UE TR T R LIRS A S, RATTHE
SYSU-MMO1 %4k 5 rh BEHLIE L 20 X5 7E — 4k 23
] il -SNE™! Dk A TR IE A nT Ak, RTRRAL
A S(a, b) i, Hi =BT RMEIE TR 7
FRF AT WIEBS A IMEE, Rl — D EEr A o

# 3 SYSU-MMOT #4354 L 843k #k 52 30/%
Table 3 Ablation experiments on the SYSU-MMO01 dataset/%

Setting All search Indoor search
QSFM SFCM rank-1 rank-10 rank-20 mAP rank-1 rank-10 rank-20 mAP
47.58 84.45 92.11 47.69 54.29 91.14 95.99 63.02
\ 73.21 96.60 98.90 70.35 79.63 98.20 99.62 82.81
72.91 96.46 99.06 69.84 79.88 98.17 99.43 82.90
v N 76.12 97.23 99.14 71.51 80.43 98.75 99.58 83.61
%4 SFCMi#infs & /£ SYSU-MMO1 48 % T ) 304 R/%
Table 4 Experimental results of SFCM insertion positions under SYSU-MMO01 dataset/%
SYSU-MMO01
Method

rank-1 mAP

Baseline 47.58 47.69

fEstage0Ji1fi ASFCM 70.35 67.42

fstage 151 ASFCM 71.75 67.66

fEstage2/5 i ASFCM 72.60 69.68

TEstage3)7fi A SFCM 72.91 69.84

fEstaged/54fi ASFCM 70.65 68.78
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T #E— 4 JBR QFCNet 1 A R, AT
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B5 HEsHEAfLEARAES. (a) RAEFESFHE; (b) QFCNet 44445 B; (c) Baseline £ 1 £ BEH;
(d) QFCNet % 1 % 4] 76 %
Fig. 5 Feature distribution diagram and intra-class and inter-class distances. (a) Baseline feature distribution diagram; (b) QFCNet feature
distribution diagram; (c) Baseline intra-class and inter-class distances; (d) QFCNet intra-class and inter-class distances
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Quadrupl-stream input-guided feature
complementary visible-infrared person
re-identification

Ge Bin"*, Xu Nuo', Xia Chenxingl, Zheng Haijun1

QSFM

‘ V-Conv ‘ ‘ v-Conv ‘

Overview: Cross-modal person re-identification is the task of identifying individuals from images of different
modalities under non-overlapping camera angles, which has a wide range of practical applications. Different from the
previous VV-ReID(visible-visible person reidentification), VI-ReID(visible-infrared person reidentification) aims at
image matching between visible and infrared modalities. Due to the imaging differences between visible and infrared
cameras, there are huge modal differences between cross-modal images, and traditional person re-identification
methods are difficult to apply to this scenario. In view of this situation, it is particularly important to study the
pedestrian matching between visible and infrared images. How to realize the mutual recognition between visible and
infrared pedestrian images efficiently and accurately has a very great practical value for improving the level of social
management, preventing crime, maintaining national security, and so on. Similarly, cross-modal person re-
identification technology also involves many challenges. Not only intra-modal variations such as viewpoint, pose, and
low resolution need to be considered, but also inter-modal differences caused by different image channel information
need to be addressed. Existing VI-ReID methods mainly focus on two aspects: (1) solving cross-modal problems by
maximizing modal invariance; (2) Generate intermediate or target images, and transform the cross-modal matching
problem into an intra-modal matching task. The first method makes it difficult to guarantee the quality of the modal
invariant features, which leads to the loss of indirect information in the image representation of people. The second
method inevitably introduces noise, which affects the stability of training and makes the quality of generated images
difficult to guarantee. Current visible-infrared person re-identification research focuses on extracting modal shared
saliency features through the attention mechanism to minimize modal differences. However, these methods only focus
on the most salient features of pedestrians, and cannot make full use of modal information. To solve this problem, this
paper proposes a quadrupl-stream input-guided feature complementary method based on deep learning, which can
effectively alleviate the differences between modalities while retaining useful structural information. Firstly, a quadrupl-
stream feature extraction and fusion module is designed in the mode-specific feature extraction stage. By adding two
data enhancement inputs, the semantic information of the modalities is enriched and the multi-dimensional feature
fusion is further promoted. Secondly, a sub-salient feature complementation module is designed to supplement the
pedestrian detail information ignored by the attention mechanism in the global feature through the inversion operation.
The experimental results on two public datasets SYSU-MMO1 and RegDB show the superiority of this method. In the
full search mode of SYSU-MMO01, the rank-1 and mAP values reach 76.12% and 71.51%, respectively.
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