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Modal Invariance Feature Learning and Consistent Fine-Grained
Information Mining Based Cross-Modal Person Re-identification

SHI Linbo', LI Huafeng', ZHANG Yafei', XIE Minghong'

ABSTRACT In the existing cross-modal person re-identification methods, modal differences are
lessened by aligning features or pixel distributions of different modalities. However, the discriminative
fine-grained information of pedestrians is ignored in these methods. To obtain more discriminative
pedestrian features independent of modal differences, a modal invariance feature learning and consistent
fine-grained information mining based cross-modal person re-identification method is proposed. The
proposed method is mainly composed of two modules, modal invariance feature learning and semantically
consistent fine-grained information mining. The two modules are combined to drive the feature extraction
network to obtain discriminative features. Specifically, the modal invariant feature learning module is
utilized to remove the modal information from the feature map to reduce the modal differences. Channel
grouping and horizontal segmentation are conducted on person feature maps via the semantic consistent
fine-grained information mining module. Consequently, the semantic alignment is achieved and the
discriminative fine-grained information is fully mined. Experimental results show that the performance of
the proposed method is significantly improved compared with the state-of-the-art cross-modal person

re-identification methods.
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2) 3 T BE it 2% 2] 1) )7 5. EAT + CMKD!'
DPAN + CMDC Loss''”' ,DMiR'"™®’  cmGAN( Cross-
Modality Generative Adversarial Network) I CPN
(Cyclic Projection Network) ' DFLN-ViT( Discri-

minative Feature Learning Network Based on a
a1

and Alignment

ment

Visual Transformer) '

3) 3 FHEAE XF 55 A 7 35 . CMALign™’, AGW
(Attention Generalized Mean Pooling with Weighted
Triplet Loss)'*',DDAG(Dynamic
Aggregation Learning Method) "**' | FBP-AL( Flexible
Body Partition Model Based Adversarial Learning
Method) "*)  MAGC(Multi-hop Attention Graph Con-
volution Network) ' CMDSF( Cross-Modality Disen-
tanglement and Shared Feedback)'*' DML(Dual
Mutual Learning) "',

5 JTIEAE RegDB R4 iR A R AR 1 B
R PR RN AU, - SR EOCHEOR £
HH .

Dual-Attentive

®1 &FEAE RegDB HiESE FHTW LRI EL
Table 1 Experimental result comparison of different methods on RegDB dataset
%
5 visible2infrared infrared2visible

ik Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP
AlignGAN 57.90 - - 53.60  56.30 - - 53.40
JSIA-RelD 48.50 - - 49.30 48.10 - - 48.90
XIV-RelD - - - - 62.30 - - 60.20
DDAG 69.34 86.19 91.49 63.46 68.06 85.15 90.31 61.80

Hi-CMD 70.93  86.39 - 66. 04 - - - -

AGW 70.05 - - 66.37 - - - -
FBP-AL 73.98 89.71 93.69 68.24 70.05 89.22 93.88  66.61
CMAlign 74.17 - - 67.64  72.43 - - 65.46

CPN 68.59 84.81 98.33  69.20 - - - -

DPJD 62.80 87.00 - 59.30 - - - -
DMiR 75.79  89.86 94.18 69.97 73.93 89.87 93.98  68.22

DPAN+CMDC Loss  76.07 90.44 93.98 69.43 - - - -
EAT+CMKD 79.27 - - 77.69  80.7 - - 79.92
MAGC 81.90 97.90 99.20 81.80 80.00 98.20 99.60 81.00
DML 77.60 - - 84.30 77.00 - - 83.60

CMDSF 84.75 92.16 96.79 77.91 - - - -
DFLN-ViT 92.10 97.97 99.17 82.11 91.21 98.20 99.08  81.62
ATk 95.12 98.07 99.00 91.06 94.42 97.85 98.81 90.23
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1£ visible2infrared #2CF , ASCHEEHY Rank-1
H mAP (X S v i H S PSP RE SR A ) IR F
MM, LR J7 % DFLN-VIT 43 5427+ 3.02% A
8.95%.

1F infrared2visible #E2C T, R X5 5 A Rank-1
1l mAP 135 B F LB, & DFLN-VIiT 43 51 $2 7F
3.21% H18.61%.

Ry T k2B B AR SOy B B AR R, 7R R B R
4 SYSU-MMO1 |- BEATXT L5256, 45 R A3k 2 (All-
Search #53X) F1Z& 3 (Indoor-Search #ix) frs , E
BB F RN, - TR SRR B .

% 2 F1e 3 AT UL AR SC I EAE All-Search 155
T Rank-1 1 mAP A 3| &ALH , 7F Indoor-Search #5
AN, Single-Shot 1% & T /) Rank-1 5 Multi-shot 1%
T Rank-1 1 mAP 3% B AR H.

SRR 1 ~ 33 AT SO e RR R B S A
LU

D) TEG AR 22 57 7 D, AR HE B 076 A SO
BAPHA R ASCHIH— 5 Transformer £ BB

AL BRI SIRE K8 (252
—JZEERE)Z) KBRS AE B ResNet50 $2HU &
5 ER AR IR G 73 2K . BUSIRIA 7 K A
BAFRITE] VIS KE IR B, BB 05 B4
FIHEASE VIAS AR IR B HEE 3 A28 ek
IR, ResNet50 7ERRE £ B B Z 06 X A5 B
IFR I, A, ResNet50 fie 28 42 SR o2 A4 &5 B2
B YRR PR RAAE.

2) ASCHY) SCFIM ABEHANAZ 8 A7 N 1 40
F R, W AR IEIZ S B — B0 iR GA B Tt
13 N IR

3) A SCO7 B R FRAE A ALAE K P2 T R
PCB(Beyond Part Models) ) #EA7/3H | i H.ik 7t
ATIRIE T3 20 R ARSI o3 o B2 S A A X 26 i B
A7 N H A B R

25 LR A SO AR A I A 1 U
RAFRCR , IF HAE RegDB a4k I 1 S50 45 S 56iF
ARSI, 7E SYSU-MMOT HHs 45 1 i 52
B 45 AR AR SCT7 VA A A

R2 BFEHE SYSU-MMOL #1545 £ All-Search #230 THI LI L R3TLE
Table 2 Experimental results comparison of different methods in All-Search mode on SYSU-MMO1 dataset
%
N Single-Shot Multi-shot
ik Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP
c¢cmGAN 26.97 67.51 80.56 27.80 21.49 72.74 85.01 22.27
AlignGAN 42.40 85.00 93.70 40.70 51.50 89.40 95.70  33.90
Hi-CMD 34.94  77.58 - 35.94 - - - -
JSIA-RelD 38.10 80.70 89.90 36.90 45.10 8.70 93.80 29.50
XIV-RelD 49.92  89.79 95.96 50.73 - - - -
DDAG 54.75 90.39 95.81 53.02 - - - -
AGW 47.50 84.39 92.14 47.65 - - - -
FBP-AL 54.14 86.04 93.03 50.20 - - - -
CMAlign 55.41 - - 54.14 - - - -
CPN 57.33  92.62 97.14 56.91 63.08 93.89 97.37 50.65
MAGC 40.70  83.50 93.00 40.30 49.00 87.80 95.50 -
EAT+CMKD 43.23  92.78 90.91  43.09 - - - -
DPJD 45.10 87.30 94.30 44.50 53.60 92.30 97.70 35.60
DMiR 50.54 88.12 94.86 49.29 - - - -
DPAN+CMDC Loss  57.74 90.53  96.27 54.35 - - - -
CMDSF 55.61 - - 53.45 - - - -
DML 58.40 91.20 96.90 56.10 62.20 93.40 97.80 49.60
DFLN-ViT 59.84 92.49 97.20 57.70 - - - -
A5k 61.67 91.67 96.27 57.72 69.12 94.44 97.70 51.50
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Table 3 Experimental results comparison of different methods in Indoor-Search mode on SYSU-MMO1 dataset
%
N Single-Shot Multi-shot

ik Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP

cmGAN 31.63 77.23 89.18 42.19 37.00 80.94 92.11 32.76

AlignGAN 45.90 87.60 94.40 54.30 57.10 92.70 97.40 45.30
Hi-CMD - - - - - - - -

JSIA-RelID 43.80 86.20 94.20 52.90 52.70 91.10 96.40 42.70
XIV-RelD - - - - - - - -
DDAG 61.02 94.06 98.41 67.98 - - - -
AGW - - - - - - - -
FBP-AL 58.46 - - 66.33 - - - -
CMAlign 54.17 91.14 95.98  62.97 - - - -

CPN 59.30 94.46 98.38 66.70 66.26 97.44 99.79 58.51

MAGC 46.50 89.10 95.60 55.70  55.0 93.40 97.50 45.60
EAT+CMKD 50.07 90.63 96.99  58.88 - - - -

DPJD 51.30  92.70 98.10 60.40 61.30 95.80 98.90 49.80
DMiR 53.92  92.50 97.09 62.49 - - - -
DPAN+CMDC Loss  61.56 94.86 98.34 68.13 - - - -
CMDSF - - - - - - - -
DFLN-ViT 62.13 94.83 98.24  69.03 - - - -

DML 62.40 95.20 98.70 69.50 66.40 96.70 99.50  60.00

Ak 64.45 92.29 96.34 68.97 7528 95.41 98.22 62.03

2.4 HEASKIOLER 4 BhI5EE R RS IR 4G R AR 4 FR. 7E SYSU-

9T B UE MIFL A5 Fl SCFIM ke () 45 st
W BB INAZEL M Z . Horr SCFIM &8k th 4
RiEE {5 B (FIM) F3f SC— B2 (SCe) ™
o 2H .

A SCAE SYSU-MMO1  RegDB 04 4 b A7 31 i
Y. FE SYSU-MMO1 # i 4 F, TH @l 52 5 AE All-
Search #F Y Single-Shot 1% & T #17. 7 RegDB %
PadE I HRALSZIGAE visible2infrared BT 47,

SEEGXT LU Hik 1 ) Baseline( FLLR Tk ). (G
JH ResNet50 £ER 31 M4, Stk Firbt =02l
WA M52 %X, 2 ) Baseline + MIFL. 3 ) Baseline +

MIFL+FIM. 4) Baseline + MIFL + FIM +SCC.

MMO1 %5 £ |, #H b Baseline , Baseline + MIFL F
Rank-1 F1 mAP 4351327} 7.32% F18.03% , 3% 2 Mk
& MIFL ik 3| 2 it 22 7 VR R

A FIM Z J5,Rank-1 Fl mAP 43 % & J+
12.19% F19.75% , 58] FIM ik B4 4847 A 40k
SR HER. A SCC ZJ5 ,Rank-1 Fl mAP PR 4
Ft5.48% F14.8% , M SCC A LR RN L5 AT A 40
B RETE L — 3R . 7 RegDB Bin4E I thRETS
FRPAR TR EE R

S THALSE R R AR SO R I R MR A 52
AR 24 S5 s AR TH AR A A 39 91 1 T T 8 S 3 A AL
YEHI.

x4 BARE2NHESEENHEAIBRER

Table 4  Ablation experiment results of different methods on 2 datasets

%
. SYSU-MMO1 RegDB
Tk Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP
Baseline 36.68 78.73 88.79 34.69 68.22 81.24 86.50 63.56
Baseline + MIFL 44.00 83.53 91.73 42.72 71.54 84.56 89.15 65.96
Baseline + MIFL + FIM 56.19 90.65 95.54 52.47 89.08 96.50 98.06 77.87
Baseline+MIFL+FIM+SCC  61.67 91.67 96.27 57.27 95.12 98.07 99.00 91.06
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N T EWLEAEAS SCT5 2 WA R, I Grad-
CAM( Visual Explanations from Deep Networks via
Gradient-Based Localization) "] ¥4k 744 7E SYSU-
MMO1 Eieda e AR AR, BRI 4 B, B
TR I I 248 0122 X B G .

o R A

Baseline+
Baseline+ Baseline+ MIFL+
MIFL+FIM FIM+SCC

Baseline ~ MIFL

K4 AR R X L
Fig.4  Comparison of heat maps generated by different

modules

&l 4 7T & A H Baseline , Baseline+MIFL il
VXSRS AN P RRAE 1 2 2T, H L I 48 G AT
NAER K3 i b FIM 5, 48 3147 A Z2 1 4
W EEAR B AEAFAE 22 A Ui 8 B O T A (] X358 1) 17
BT L8 AE AR T O AT ARy X I8 AN [
(R ) L, B8 AN —3K. PN I SCC IR T & i, 4%
KT N AIRL AR B AR 2 H G T /Y Jm 1 X B
). X AN SCC ] P I 45 e T A T K i
15 BIUATR T NG AN —E501 ]

R T k2 U A SO I A R, BELIE R
3 AN S AR AR 2 AR BE AR A, SRR
10 MR R, GEOMERR R IESYEIR, 26
HE 7k 2R 1 1) RIR.

i T SYSU-MMO1 4l % A Z kR,
ARSCAT 3 Hod — A, BIIEBETE All-Search #5531
Single-Shot B & N #HT  (HARFEE AR, AT IE
WK R EMG 2l 4 6, B R R A S
B,

RegDB Ba 4 JA7 2 PG 45K, 7 2 Pt
TIEWKRE G R0 10 8, AR R0 5
K6 frs.

MAIELS FEL 6 1 R AL 45 543 M T 45 o
MIFL FIM ,SCC #EHR 5 , K2 i 1E i R B Wi A 22
FH I PR R SIS AR ST 1k A 85

A T AR drn] %, 47 A TR 0 445 LB
(R RRAE ] e ) AR 38 3 51T R I SR X e 2 (]
FELEXT I G 2R AR BTS2 R i A R ST — 2 1R
TR R FHAS [R) 45 B 2R A7 AR 1 B 5 75 3] 1), A (] 7
HRWE A SCHEAT N BHURAS R IR, P AR AE ] h
TR P 308 T A R 0 Xk g 9 3 7R AN ).
ASOOIEE A TR A, AR VRRAE )2 O T A
AT R A5 8, BRI o 2 43 A A

Xof 45 i 2E £ 38 T AN K P 2 1R 4 B4R A T
PCB AU AAAN[7) 25 [7] XI5 60 000 £ 4 B A &)
T AR SR R R4, 10 3 T K 43 DRRAE B A
XA TE HEAT 4320, DI X 46 5 T AN [ 11 A AR DX
HE W0 25 BEE ST 248 SR s

T B E R A A B ResNet50 55—
JZHTHRFIERT 2 048 AMFEAEE A 23 51K 57 2 4 4
ZHFN8 4. [RlA, 7E SYSU-MMO1 $(4E 4 11 All-Search
BT A TI080, 45 a3 5 R, P PCB 2R 1Y
AT 7K 2 1 K43, CD, F67mH 4 Ak 38 38 %1l 4
i(i=2,4,8) 4, BB RN A,
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Baseline+
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R
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KIS #HEHE SYSU-MMOT $fgdE b ik R 45 1
Fig.5 Retrieval results of different modules on SYSU-MMO1 dataset
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(a)visible2infrared
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Baseline+ - € =
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FIM+SCC - |l
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(b) infrared2visible

Kl6 SBURTE RegDB Kdli4E LUK RES

Fig.6 Retrieval results of different modules on RegDB dataset

x5 EEXSIERER G PERERY TR
Table 5 Effect of channel segmentation on performance 2.5 SESH
i IE I 7 Rank-1 mAP TE SYSU-MMO1 % ¥ 4E i) All-Search 5 = )
PCB 57.30 53.48 . L y; > 3
PCB+CD, 0. 44 J Smgl;Shot BWE T ara(8) A, A, X5k
PCB+CD, 61. 67 57.72 EHYSE . -
PCB +CD8 58.19 54.70 1 ?ﬁ”ﬁ:mfﬂb 95 L{nf = j:J gequ/J I'_tf l:t WE

A, =0,0.1,0.2,+,1.0,2.0,Rank-1 .mAP 5 A, 1y
s nI L MBI AMACH 4 I Jriktrgiy ORMET () B, A, =03, Rank-1 e,

O JEIR R AT R Sy BOm R A O 2 i B PEHS A BEED 0.3,
4 TE 2 T 6 T 6 o 90 D3 /0, 7434800 8 Ay SORE SC— B R L, R A5 1Y Tk
o, 2SI G TR T S AR 5 it R A, = 0.1,0.2,+,1.0,2.0,3.0, Rank-1 mAP
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Fig.7  Effect of variation of hyperparameters on method

performance
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