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Cross-modal person re-identification combining multi-scale
features and confusion learning

WANG Luyao **, WANG Fengsui ’, YAN Tao*’, CHEN Yuanmei'*"

(1. School of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China; 2. Anhui Key Laboratory of Detection
Technology and Energy Saving Devices, Anhui Polytechnic University, Wuhu 241000, China; 3. Key Laboratory of Advanced Per-
ception and Intelligent Control of High-end Equipment, Ministry of Education, Anhui Polytechnic University, Wuhu 241000, China)

Abstract: The difficulties of cross-modal person re-identification research mainly come from the huge modal differ-
ences and intra-modal differences between pedestrian images. To address these issues, a network structure combining
multi-scale features with obfuscation learning is proposed. In order to achieve high-efficiency feature extraction and re-
duce intra-modal differences, the network is designed as a complementary form of multi-scale features to learn local re-
finement features and global rough features of pedestrians respectively. The feature expression ability of the network is
enhanced from fine-grained and coarse-grained aspects. Confusion learning strategy is used to fuzzy the modal identific-
ation feedback of the network, and mine the stable and effective modal-independent attributes to cope with modal differ-
ences, so as to improve the robustness of features to modal changes. In the all-search mode of the large-scale data set
SYSU-MMO1, the results of the first hit rate and mean average precision (mAP) of the algorithm are 76.69% and
72.45%, respectively. In the Visible to Infrared mode of the RegDB data set, the results of the first hit rate and mAP of
the algorithm are 94.62% and 94.60%, respectively, which are better than the main existing methods, verifying effective-
ness of the proposed method.

Keywords: machine vision; person re-identification; cross-modal; multi-scale characteristics; coarse-grain; fine-grain;
confusion learning; modal independent attribute
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GAN)"? | Xmodal"*(x modality). XL (1 Ja) 3B R fiF
I #& (two-stream local feature network, TSLEN)"|
S0 = Jo 4 (hetero-center triplet, HCT) #i
PO rp ] B AS W 4% (middle modality network,
MMN)" FIEZ 38 38 817 B i (memory-augmen-
ted unidirectional metric, MAUM)""? 4553

R 2 FE SYSU-MMO1 47 S0 H At 75 3% 3 bb SRBG 45 R

Table 2 Experimental results compared with other methods in the SYSU-MMO01 data set %
. SRR EAE vy
ik R-1 R-10 R20 mAP  mINP R-1 R-10 R20 mAP  mINP
Zero-padding™ 1480 5412 7133 1595 - 2058 6838 8579  26.92 -
TONE" 1252 5072 6860  14.42 — 2082  68.86 8446 2638 —
HCML"! 1432 5316 69.17  16.16 — 2452 7325 8673 30.08 —
BDTR'" 2732 6696  81.07  27.32 — 3192 7718 8928 4186 —
eBDTR™ 2782 6734 8134 2842 — — — — — —
D’RL™ 2890 7060 8240 2920 — — — — — —
MAC™" 3326 79.04  90.09 3622 — 3337 8249  93.69  44.95 —
DPMBN'* 3702 7946  89.87 4028 — 4417 8712 9524 5451 —
Align GAN™ 4240 8500 9370  40.70 — 4590  87.60 9440 5430 —
LzM™ 4500  89.06 9577 4594 — 5428 9422 9822  63.92 —
Xmodal" 4992 8979 9596  50.73 — — — — — —
DDAG"” 5475 9039 9581  53.02 — 61.02 9406 9841  67.98 —
TSLEN'"" 5996 9150  96.82  54.95 — 5074 9207 9622 6491 —
HCT™ 61.68 9310  97.17 5751  39.54 6341 9169 9528  68.17  64.26
DG-VAE™ 5949 93.77 — 58.46 — — — — — —
cm-SSFT” 61.60 8920 9390  63.20 — 7050 9490 9770  72.60 —
MMN'™ 7060 9620  99.00  66.90 — 7620 9720 9930  79.60 —
MPANet™" 7058 9621  98.80  68.24 — 7674 9821  99.57  80.95 —
MAUM™"! 71.68 — — 68.79 — 76.97 — — 81.94 —
MIFL+CFIM™ 6167 9167 9627  57.72 — 6445 9229 9634  68.97 —
AR 76.69  94.89 97.48 72.45 59.64 81.19 94.32 97.27 82.78 79.42
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Table 3 Experimental results compared with other methods in the RegDB dataset %
. [ A 2403 ] Wt
ik R-1 R-10  R20 mAP  mINP R-1 R-10  R20 mAP  mINP
Zero-padding™ 1775 3421 4435 1890 — 1663 3468 4425  17.82 -
HCMLY 2444 4753 5678 20.08 — 2170 4502 5558 2224 —
BDTR" 3356 5861 6743 3276 — 3292 5846 6843  31.96 —
eBDTR™ 3462 5896 6872  33.46 3421 5874 68.64  32.49
MAC™" 3643 6236 7163  37.03 — 3620 61.68 7099  36.63 —
Align GAN™ 57,90 — — 53.60 - 56.30 — - 53.40 -
Xmodal' 6221 8313 9172 60.18 — — — — — —
HCT™ 91.05  97.16  98.57 8328 6884 8930 9641 9816 8146 648l
cm-SSFT™” 72.30 — — 72.90 — 71.00 — — 71.70 —
MMN'™ 91.60 9770 9890  84.10 — 87.50 9600  98.10  80.50 —
MPANet™" 83.70 — — 80.90 — 82.80 — — 80.70 —
MAUM™"! 87.87 — — 85.09 — 86.95 — — 84.34 —
MIFL+CFIM™"! 9512 98.07  99.00  91.06 — 9442 9785 9881 9023 —
A 94.62 97.20 98.72 94.60 92.96 92.77 96.17 98.16 93.39 91.95

LI vl F Y, A SO R AE SYSU-MMO1

Ko 42 10 248 R E T R-1, mAP Il mINP (145
A BIH 76.69% . 72.45% il 59.64%, 1 RegDB %
P A u] WOCHIZLAMEE T R-1. mAP I mINP
(25 5 53 50 R 94.62% . 94.60% F1 92.96%, T
XFHCTT s, AR T AR SO e S . BARCKRE,
KU 5 B 28 B 4% (two-stream CNN network,
TONE)., BDTR ., X [i1] .0 2 K HEJF (bi-directional
center-constrained top-ranking, eBDTR) i 2 %5 LI 1+
() 77 ¥ S B UL D) 4% ok 3 B 21 A A R T i,
MG RS e R AE, I 38 el 1 461 2k PR IOk
PUHAT N AE Y P B, (H ) 2% 200 T A S S S
IR b RS (8] A8 A A JE 22k o AR SO VA N 2%
() 3 T3R50 X0 5 S 2 HURE E S EAL 0 2 4By
B, Vg SR AT N BB e S MR AR BRI R 3
FAF R, HIRIE 0 W 24 5 2] KRR R OR B9 5E T 5
fith o RUK 22 596 20 2% > (dual-level discrepancy
reduction learning, DZRL)\ Align GAN. Xmodal,
MMN 45 J7 32 ) e 46 1 R XURes 19 7 =8 ik e A5
DESW R, (A B EGEAAY KT T
YERIBZE T I BT T4, A SCREAEAR
1B Z 40 M 75 (48 T A e R —se/MAEZR 0 5
B, TRVE 45 HE I 2 AR A RRAIE, 30 f I 45 & 1
T SRS TE R A LA IR, FIRE S 1 RS
SRR . SR X e g SRR, 5RO ik

ok R B B MMIN B3R A L, BT R 5 B
SYSU-MMO1 #¥i g 2 R & T R-1 45 R8T+
6.09%, mAP 25 42 T+ 5.55%; 7 RegDB %4 5 1Y
AT ULYE RN L AR E T R-1 45 42T 3.02%, mAP
ZERPET; 10.5%, TSLFN, HCT 45 J7 325 i %f 47
NFEX 2150 o3 AT A A2 T, R e KA S EAS
FEAE B AR AU o G HC T 5 X 42 B A 4 E 3R 47
)R O LI A S N S S N e b i E Y o )
B, IEFEBE LAl R B T REAS s A P K bR R
K W B 22 2], 3 B R — AN N RRE B B, 4
AN [N R AIE B 2 R £ v A A TR ) 1 2
{H H F W46 3 O 40 19 15 8., T 2200 T % A
FRAE 048, 5 BOBTBORS MEBEAS & o AR SO 4500
IR B J 350 AR A 5 MR B 4 SR RRAE AR 45 A, 3
FEAE B =5 5 B R VR okh ik — SR, A5 ARG A 2
B W4T, 7E SYSU-MMO1 %4 45 5 HCT J5 ¥ A4H
I, 2RI E T ASCHE LM R-1. mAP Fl mINP
A3 H15.01%., 14.94% F1 20.10%; 7£ RegDB %¢
P HCT Jrik M L, n] LGB 204 8 R AR 5L
BYE) R-1. mAP Hl mINP 4: 9 & 3.57%.
11.32% F1 24.12%.

TR B MAUM J7 72 S X5 25 AN - flig [ 7 42
T s B ) BE e 2], BIAE 2 B — T )
2 WA SRS &, JOF 8 5 Tl R B R
PR MR . BARIRFIERAR T —Em
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Pridk, (A5 AR EM I TERE K, BAE
T R MBEELE
24 HEAL

R VE AL I 45 25 ke TP A A B B X 4% 1 52
M, 7 SYSU-MMO1 %4 4 19 2 X R i 47

T —RYVER R, RN E 4 R, BHAK
kit Base R HEZL, HITE HCT ™ 4% (Y B Atk
* H k-reciprocalm] B HEF B4 ; global R4
Jay FEAIE 43 35 CLS 7R 76 W 2% v ffi TR ¥ 2% >
FEME

&R 4 SYSU-MMO1 HiE&E THERISLIE

Table 4 Ablation experiments under the SYSU-MMO01 data set %
; Exi FUEN FE N RIEA
ik R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP
Base 71.32 92.45 96.14 66.59 76.75 92.26 95.82 78.46
Base+global 73.94 94.04 97.37 71.35 79.68 93.41 96.33 81.44
Base+global+CLS 76.69 94.89 97.48 72.45 81.19 94.32 97.27 82.78

Hi 2% 4 W1, 7€ Base JERl W5 4 R R AR 23 3
58y QR AR 43 SR RAE T, i — 2D 4 T T 2%
BRI MERE . RIE 2 RBIEUT R-1EETH T 2.62%,
mAP T+ T 4.76%, 7= NI REAT, R-1 427+
T 2.93%, mAP $£F+ T 2.98%, 1] Wiz Jr i i L F)
AN TR E A f A0 {00 4% 2 ) 2| T 22 HLAT 2 51k
15 B R, AT AR 75 00 H& Fe Pk 1947 N 3ROR,
AR T NEUR AT IR 2 6T &R tE
TIE$5 TR 43 Fil A TR VA 2% > SREms, i 9 4% 7E 4 8 &
BN R-1 Fl mAP 730 542 5 1 2.75% 1 1.1%, 7E
FEAFREA T REEROARHT LR, U
WY I 2% 3 5 e K —dme /NP IR 9 5 3k, e B 1 P Ak
b T 5T A HRE L, 358 T RR
S XS AR IZ AR RE T o B SR S SR AH
o, 28 SCO7EETE SYSU-MMO1 %4 48 45 14 4> 48 2R
AP R-1 R TF T 5.37%, mAP 45548 T+ T 5.86%;
e NIH R AT R-1 Al mAP 20 54T T 4.44%
1 4.32%,

25 AREMESREERAESHT

Ry it — 2R A 7y 3P AN TRl AR 7 SRS
] 5 AIF 0F A7 R U 2% 2T 6 2% 1 g 1Y R e, 7E
SYSU-MMO1 B4 T 47T T — R 5155,

4 SRl CHHE AL (GeM) . S Kt 1k
(max pooling, Max) F1 H i& W ¥4k (Avg) k41
AR . MR ES R LUIE S, (A
TRV S 2 3 Ak 1 D) £ S A B T 2 SRR AR
TR B A =, UL 7 343 £k e 6% 4 JFE Al b Ak ok
A A R s ()5 8., 1 5 X iy A 25 (0] A8 1k B 8
P, DT 2 T ) 4% A5 TR 4RG3, kBT 4R ok
H 3 W S AR A R . e S ARSI
XAk (Pooling) )22 . #it i IH— 1k (batch normaliza-
tion, BN) JZ Fll 4= i 4% (fully connected, FC) 215 %]

AT NRFIEEATIR G 22~ o ARy, #5425 th
FRRFIEAE AR V8 7 ~J SR Hh R i i B 14 g R
M 28 AU PERE . ke 5 s, 78 2 R AR
N R T B2 D EAR AR R BIXS Pooling JZ
i H0 A R AR EAT IR G o ) BOCR B A, T BN JZ A
FC JZ i iR fiE 20 L) S RS TR VA 19 H 9, )
T 30 IE T A% SCHE B ResNetS0 J& HE 1 19 & 15
SCJZE AT RS IR 7 > AT S
100 - S R-1 @mAP @ mINP

73.94 74.52
80 + 72.87
70.83 o692

jk 56.15 55.05 § 51.28
N NP
W

Avg GeM Max
A7

HER R /%
(=) o

S

s

(=)

B4 £RSXHFARBUATXNIRER
Fig. 4 Performance experimental results of different pool-
ing methods in the global branch

x5 REERARMUEMNERMELMAPKLEER
Table 5 Experimental results of the influence of
different positions of obfuscation module

on model performance %
R EARE N S
(AL
R-1 mAP R-1 mAP
BN 73.25 70.49 79.21 81.97
FC 75.29 71.06 78.23 80.55
Pooling 76.69 72.45 81.19 82.78

2.6 t-SNE RI# 4L R 5> #f
Ry i3 — 25 56 UE AR SCOE VR T AR R AR 1 2 )
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A8 7, 75 4R AF 25 1) op 25 i RRAE R0k,
t 4345 — B HL 2P T ik A (t-distributed stochastic
neighbor embedding, t-SNE) 7 SYSU-MMO1 %
LBEPLI I8 N, FEATHRRAE AT AL . an &l 5
7N, “1~87 3R I A v B AL Ak Y 8 A B
By, “C”RIRFRAE L, AH R B 6 ) FE A K B [F]
— N, oI A”FRIC 4T B KR ok H RGB #l

.1

S N

o4

5

6 A

U~

o C ~

L .

&

i‘t X -H,

(a) FELR P25 RFAE AT ALALA]

IR By IR o &5 AT SR ] LU
B 20 0 25 A BE AR SC R0 2% 11 R A T A4 T o )
SRS (1R i U 0c - & (1o SRR ENCAR VA S i
AN [ A5 N B8 RF AR AT 2 2 1 s B i, 45 ] A S
PR AR T 2 BT A IR B 1 AR Z 8]
I R, (R EE™OR T JE a) 22 5, DA Db T 2
(1) AR 25 PN 22 57 o

o1
; «®
®3
®4
PR
®7
LI ~
e C
Ao
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(b) ASCIRZAFAE T AL P

B 5 SYSU-MMO1 ##EE4FME T XIEL R

Fig. 5 SYSU-MMO01 data set feature visualization comparison results
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T AR . ELPR ML, 19046 i £ R 4
e R B RS IR R B 1 S L R T
T3 KA P 55 B, 5 T4 O 308 132 Ak
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R VRS A5 A A, 0 90 2 76 15 452 T 5 O 90
FF 2 504 R RS, 3R 85 T R AT B S 2 5
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