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Abstract: A cross-modality person re-identification network based on multi-granularity fusion and cross-scale perception
was proposed, which could effectively extract person image features and reduce the modality discrepancies between im-
ages. Firstly, a multi-scale feature fusion attention mechanism was proposed, and a multi-granularity non-local fusion
framework was designed to effectively integrate image features from different modalities and scales. Secondly, a cross-
scale feature information perception strategy was proposed, which could effectively reduce the influence of irrelevant
noise caused by the change of perspective and person background on person discrimination. Finally, in view of the lack
of person image feature information, a parallel dilated convolution residual module was designed to obtain more abun-
dant person feature information. The proposed method was compared with current state-of-the-art cross-modal person re-
identification algorithms on two standard public datasets. Experimental results show that the Rank-1 and mAP of the pro-
posed method reach 75.9% and 73.3%, respectively, in the all search mode of the SYSU-MMO1 dataset, and 93.7% and
89.3% in the VIS to IR retrieval mode of the RegDB dataset, respectively, which is better than the compared methods,
which fully confirms the effectiveness of the proposed method.
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BIEE] T 75.9%. 97.7%-+ 99.5% F173.3%, HHT
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*1 KX FESIAERESYSU-MMO1 #3E4E _EHZE Raftt
All-search Indoor-search
WaRiA

R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP

Hi-CMDP7 34.9% 77.6% — 35.9% — — — —
JSIA-ReID! 38.1% 80.7% 89.9% 36.9% 43.8% 86.2% 94.2% 52.9%

X-Modality"” 49.9% 89.8% 96.0% 50.7% — — — —
DDAGH! 54.8% 90.4% 95.8% 53.0% 61.0% 94.1% 98.4% 68.0%
LbABY 55.4% — — 54.1% 58.5% — — 66.3%
NFSPI 56.9% 91.3% 96.5% 55.5% 62.8% 96.5% 99.1% 69.8%
CM-NASPH! 60.8% 92.1% 96.8% 58.9% 68.0% 94.8% 97.9% 52.4%
MCLNet!" 65.8% 93.3% 97.1% 62.0% 72.6% 97.0% 99.2% 76.6%
FMCNet"**! 66.3% — — 62.5% 68.2% — — 74.1%
SMCL! 67.4% 92.9% 96.8% 61.8% 68.8% 96.6% 98.8% 75.6%
DARTE® 68.7% 96.4% 99.0% 66.3% 72.5% 97.8% 99.5% 78.2%
CAJBY 69.9% 95.7% 98.5% 66.9% 76.3% 97.9% 99.5% 80.4%
MPANet!'! 70.6% 96.2% 98.8% 68.2% 76.7% 98.2% 99.6% 81.0%
MMN# 70.6% 96.2% 99.0% 66.9% 76.2% 97.2% 99.3% 79.6%
DCLNet ! 70.8% — — 65.3% 73.5% — — 76.8%
MAUMM 71.7% — — 68.8% 77.0% — — 81.9%
CM-EMDE! 73.4% — — 68.6% 80.5% — — 82.7%
SGIEL" 75.2% 96.9% 97.3% 70.1% 78.4% 97.5% 98.9% 81.2%
DEENPY 74.7% 97.6% 99.2% 71.8% 80.3% 99.0% 99.8% 83.3%
AL T5 75.9% 97.7% 99.5% 73.3% 83.4% 98.9% 99.8% 85.8%

DEEN J7i%, R-1. mAP 73 42Tt 7 1.2% 1.5%,  EPIRArstth, seiess fank 3 fon, A7k

Indoor-search # =, N R-1. R-10. R-20 f1mAP 43 5]
EF] T 83.4%. 98.9%. 99.8% A1 85.8%, 4T
DEEN J7i%, R-1. mAP 73 A4+ 1 3.1%. 2.5%,
TR UESE TR M, I RR A A 0 I AR SR FR 1) AH
KIT VR — P - T TUAS O B ) 3k A7 B X 1%
fifE R o

HHR 2 AT, AR5 VAE RegDB i #i 4 VIS
to IR If, R-1. R-10. R-20 Al mAP %) 5l ik 8] T
93.7%-+ 98.1%-. 99.3% F189.3%, % T DEEN Jj
%, R-1. mAPMMNEES T 2.6% 4.2%, IR to VIS
iiF R-1. R-10. R-20 F1 mAP 73 5 ik 3] T 93.6%-
98.7%-~ 99.5% F187.3%, #H4 T DEEN J5i%, R-1.
mAP 7> SR TF T 4.1%. 3.9%, {EZANiERs Bk
BB KF

RFRGT VI ARSI VEAE S bR s ARG R 52
W f5 AR B 1 e, K S5 A 7 vE /R LLCM i

B BN R IIEE J, 785 UL BATE SR B FH 37 5
REHUAS H it fE
2.4 HELSCIG
2.4.1 TRV Gk

RAIE B AR S5 VR AN RIS AL ()6 R, AR o
W #E SYSU-MMO1 Al RegDB iX 2 /¥ ¥ % E k4T
LI IAE, SGRMEAMES Fx. Hd,
CFIP. PDCRM F1 MGNF 73 4% % 5 K 5 4E 15
BRI WS . FEAT 2SR A Bk = AR B DL J 2 kL
FE R & R A HE 2

B 4 fIZR S0 Hrml J1, fImA CFIP7ER-1. R-
10, R-20F1mAP Ffetad i s, i RERE
TE4E B SR B i A ROt iR B 2 EAE LIAT A
5 RFERFER IR, 129868 X 0 MR FEFR1E, PD-
CRM 7£ R-1 FImAP $ ks L4 2 FEUERALE TR $
Tt R AT IR SRR ZE B AR 2 R IR
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<2 A FESIMA T EE RegDB HIRE ERVEE R XJEE
B VIS to IR IR to VIS
i R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP
Hi-CMDP7 70.9% 86.4% — 66.0% — — — —
JSIA-ReID! 48.1% — — 48.9% 48.5% — — 49.3%
X-Modality™ " 62.2% 83.1% 91.7% 60.2% — — — —
DDAGH! 69.3% 86.2% 91.5% 63.5% 68.1% 85.2% 90.3% 61.8%
LbAP 74.2% — — 67.6% 67.5% — — 72.4%
NFSB! 80.5% 91.6% 95.1% 72.1% 78.0% 90.5% 93.6% 69.8%
CM-NASB® 82.8% 95.1% 97.7% 79.3% 81.7% 94.1% 96.9% 77.6%
MCLNet!'” 80.3% 92.7% 96.0% 73.1% 75.9% 90.9% 94.6% 69.5%
FMCNet?! 89.1% — — 84.4% 88.4% — — 83.9%
SMCL 83.9% — — 79.8% 83.1% — — 78.6%
DARTES! 83.6% — — 75.7% 82.0% — — 73.8%
CAJBY 85.0% 95.5% 97.5% 79.1% 84.8% 95.3% 97.5% 77.8%
MPANet!!! 82.8% — — 80.7% 83.7% — — 80.9%
MMN# 91.6% 97.7% 98.9% 84.1% 87.5% 96.0% 98.1% 80.5%
DCLNet!* 81.2% — — 74.3% 78.0% — — 70.6%
MAUM™ 87.9% — — 85.1% 87.0% — — 84.3%
CM-EMDB! 94.4% — — 88.2% 92.8% — — 86.9%
SGIELB 92.2% — — 86.6% 91.1% — — 85.2%
DEEN™ 91.1% 97.8% 98.9% 85.1% 89.5% 96.8% 98.4% 83.4%
AT 93.7% 98.1% 99.3% 89.3% 93.6% 98.7% 99.5% 87.3%
#*=3 KX RSB FEE LLCM B E ERE R
IR to VIS VIS to IR
e R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP
DDAGH! 42.4% 72.7% 80.6% 49.0% 51.4% 81.5% 88.3% 38.8%
LbABY 42.8% 77.4% 86.1% 51.0% 54.8% 85.1% 91.6% 40.8%
AGW! 46.4% 77.8% 85.2% 54.8% 63.7% 88.7% 92.8% 47.2%
CAJBY 49.9% 78.9% 85.8% 56.4% 63.7% 88.0% 92.4% 47.7%
MMN 50.1% 79.8% 87.3% 56.7% 64.0% 88.7% 93.1% 48.5%
MRCN[#! 51.3% 80.1% 87.2% 57.7% 65.3% 88.1% 93.1% 49.5%
DART? 53.0% 80.8% 87.1% 59.3% 65.3% 89.4% 93.3% 51.1%
DEENE?! 55.5% 83.9% 90.0% 62.1% 69.2% 91.0% 95.1% 55.5%
AR T5E 56.7% 84.6% 90.6% 63.4% 70.5% 91.7% 95.4% 56.7%

AT THKVEN, MGNF S MRS 3, e 2 HMBRL. 25 ETiR, ASCOTEEXR
RN, BRI EEHESR A ST 1 e b VEAT NBSRAS AN REHRFIEE B 123047 N Ers
e, ZREZAFREMEEREAIOEEREFEX AR E T SE BT 17— St 2R .
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<4 TEIESR M EEZE SYSU-MMO1 $3R & FI16iF4E
R All-search Indoor-search
CFIP PDCRM MGNF R-1 R-10 R20 mAP R-1 R-10 R-20 mAP
x x x 74.70% 97.60% 99.20% 71.80% 80.30% 99.00% 99.80% 83.30%
N x x 74.74% 97.68% 99.46% 72.37% 83.30% 97.71% 99.91% 86.03%
x N x 75.11% 97.24% 99.24% 72.31% 82.75% 98.75% 99.55% 85.33%
x x N 75.44% 97.51% 99.37% 73.14% 82.73% 97.93% 99.70% 85.10%
N N x 75.21% 97.70% 99.50% 72.45% 83.35% 97.85% 99.61% 86.04%
N x N 75.68% 97.56% 99.54% 72.42% 83.39% 98.98% 99.62% 85.45%
x N 75.25% 97.85% 99.38% 73.27% 82.76% 98.85% 99.65% 85.60%
N N 75.87% 97.74% 99.53% 73.34% 83.41% 98.92% 99.83% 85.84%
=5 TEER M GE7E RegDB i LISFLE
[E=R VIS to IR IR to VIS

CFIP PDCRM MGNF R-1 R-10 R20 mAP R-1 R-10 R-20 mAP
x x x 91.10% 97.80% 98.90% 85.10% 89.50% 96.80% 98.40% 83.40%
N x x 91.41% 97.41% 98.83% 87.02% 88.84% 96.97% 98.51% 85.43%
x N x 91.79% 97.53% 99.00% 86.83% 91.25% 97.46% 99.08% 86.56%
x x N 91.58% 99.04% 99.53% 89.29% 92.28% 98.37% 99.13% 86.19%
N N x 92.01% 97.58% 99.01% 89.97% 92.62% 97.90% 99.01% 87.08%
N x N 91.68% 99.14% 99.63% 89.30% 93.20% 98.47% 99.23% 87.20%
x N N 91.82% 97.78% 98.85% 89.20% 92.66% 97.17% 99.44% 86.79%
N N 93.71% 98.14% 99.34% 89.33% 93.63% 98.73% 98.74% 87.34%

[

HAT = IR BARIREAR R NAL B YA,

D IE AT 73 I A6 FABR ZE AR B ik A\ ResNet-50

F A2 R — B BRI IR AR RO, W E IR 6

FrasBIsess. a6 %1, 1t Layer3 Z Jg IRAIAT

PG AR ZERIE, RIS R AERUR .

243 35 REAFAERPALS T A A B 09 A
IR 5 RFE R AE 52 BB H B A %2 ResNet-50

F T W2 RN R B B I AR RO, W B IR 7

BN SR . B 7 051, fE Layer2~Layer3 /il A

2.4.2

RS IS AR, HHURAR HEs REERFAES B
JE NS BEWS R T SRR R A RE 17, 19 305 2R
Sl P R 4 THT R B EURRAE
244 BEABK B A HEE

RV R R R R v X TR I 5
AR, W W 8 A2 9 A BT HE S
LG LE FAEYT, 4u=0.8. v=0.11}, SZIGHS et
MR, FHREAZRBEB AR FRIEBS, &5
i u=0.8 v=0.11 & NERA T R B R EL

=6 T REFRERRBALE AR
) All-search Indoor-search
oA
R-1 R-10 R20 mAP R-1 R-10 R-20 mAP

7t Layerl 2 J& 61.71% 93.89% 98.06% 56.57% 67.38% 96.47% 99.05% 72.61%
1f Layer2 Z J& 66.64% 94.99% 98.45% 61.44% 72.91% 97.71% 99.18% 77.51%
1F Layer3 Z J& 70.56% 96.26% 99.01% 66.22% 75.02% 98.04% 99.33% 79.08%
1F Layerd 2 J& 65.54% 94.42% 98.12% 61.82% 72.43% 96.97% 99.22% 77.13%




1 FEABRSE  J T 20 00 L Rl A8 RURZ IR O 8 BE 24T N FE IR <119 -
=7 B REFHER BUER N AL B TR
All-search Indoor-search
B AL
R-1 R-10 R20 mAP R-1 R-10 R-20 mAP
Layer0 74.70% 97.60% 99.20% 71.80% 80.30% 99.00% 99.80% 83.30%
Layerl~Layer2 70.32% 96.36% 98.95% 67.73% 79.57% 98.91% 99.80% 82.94%
Layer2~Layer3 75.90% 97.65% 99.51% 73.29% 83.37% 99.77% 99.76% 85.79%
Layerl~Layer3 75.14% 96.58% 99.26% 72.17% 83.35% 99.09% 99.86% 85.78%
=8 TR ZA% ufE SYSU-MMO1 &5 _ERIZERSTEE
All-search Indoor-search
! R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP
0 71.03% 91.21% 98.66% 68.70% 78.22% 98.37% 99.66% 81.80%
0.4 74.06% 97.20% 99.26% 72.00% 81.06% 98.92% 99.72% 84.00%
0.6 74.11% 96.77% 99.10% 72.65% 81.29% 98.86% 99.74% 84.36%
0.8 75.90% 97.65% 99.51% 73.29% 83.37% 99.77% 99.76% 85.79%
1.0 73.53% 96.88% 99.36% 70.99% 82.79% 98.19% 99.61% 84.73%
=9 REZH v 7E SYSU-MMO1 H1EE LR 3TEL
All-search Indoor-search
' R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP
0 74.80% 97.38% 99.34% 71.63% 81.27% 98.05% 98.80% 84.94%
0.05 74.90% 97.16% 99.21% 72.22% 82.49% 98.22% 98.95% 85.26%
0.10 75.90% 97.65% 99.51% 73.29% 83.37% 99.77% 99.76% 85.79%
0.15 75.12% 97.33% 99.37% 72.67% 83.93% 99.29% 99.65% 86.04%
0.20 74.49% 97.00% 99.23% 72.05% 82.60% 99.10% 99.93% 85.35%
2.4.5 BB R AT LRRW], ARSI T i) FLOP, i

Wbk, it — R B A STk DL A 5
W, BATIFSIEEIRE (FLOP, floating point opera-
tion) SZIGMOIIE L HAh ik T X L, Seae gt
F 107

F10 KXFFESHBHFETESYSU-MMO1 #iiEE £
HIBTE) & 2 EL i

T FLOP R-1 mAP

CAJBY 31.09% 69.88% 66.89%
MMG™! 41.38% 70.60% 66.90%
PICH! 41.38% 57.50% 55.10%
MMD!“¥! 20.69% 66.75% 62.25%
MCLNet!""! 20.72% 65.40% 61.98%
MCALNet™®! 20.69% 71.16% 68.01%
ARSLTTI 14.11% 75.90% 73.30%

ESE S 1ot BB A ) i Nt 2 RS S B ESiee =
2.5 FERFHMML
251 ¥ RS & Ridn KR AT BOM I E

B FE I H A SO IR 5 R RHES S
BARISA R, BV R4 M AT A, R
1o B DRSS G WL (Grad-Cam, gradient-weighted
class activation mapping) 7720 7K

11 A FH i RURE R A A5 S5 I8 R SR s A R 1k
%t b, e, B 1)~ 11(d) 22 M A 46 FH 254
A, AN G . Bseie sl Bl m, S
REFRHEE BB RIS J5, frk AT NER A
N T N 551 = i VA e S =TT =53 A 4
T 56 JE 08 SR o0yt IR A s REERHIEE
BUBRAIERS J5, A7 N5 L 50 SR B R IX
gy, RIS A 3 SR AE
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IR R, ARICTIETA SR RS SAT NE R
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