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Cross-Modal Person Re-Identification Based on Channel Reorganization
and Attention Mechanism

Huo Dongdong, Du Haishun'
School of Artificial Intelligence, Henan University, Zhengzhou 450046, Henan, China

Abstract In recent years, cross-modal pedestrian re-identification has gradually become one of the hotspots in the field of
computer vision. However, it is crucial to effectively extract pedestrian features, further realize the interactive fusion of
photos, and mine any potential relationships between pedestrian images while performing cross-modal pedestrian re-
identification. To address this issue, a dual stream network based on channel grouping reorganization and attention
mechanisms is proposed to extract more stable and rich features between the two modes. Specifically, to extract the shared
characteristics of cross-modal images and to achieve the interactive fusion of modal information, the intra-modal feature
channel grouping rearrangement module (ICGR) was inserted in the backbone network. Furthermore, to extract additional
distinct local features, the possible association between pedestrian images captured using various modes was mined using
the aggregated feature attention mechanism and cross-modal adaptive graph structure. A large number of experimental
results on mainstream datasets such as SYSU-MMO1 and RegDB demonstrate that the proposed algorithm has good
generalization ability on multiple datasets. The cross-modal pedestrian re-identification algorithm achieves higher accuracy
compared with the existing main algorithms.
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Fig. 2 Intra-modal feature channel grouping and reorganization module
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ORAE 5 Ly A3 Y R 48 OB B2 11Ol I BT 45 4 2 R
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) HIBIRRAE L, KB S ZEERA WA L. ZHM
BRIV Ay o 48 1 245 1) S AR A0 2 e KR -
L=L,+ L.,

4 Sue 5 YR

4.1 XWiFE

BT 42 895 A6 Py Torch HE 242 | 52390, i ] NVIDIA
3090 GPU #E 47 BRIl %k . K I ResNet-50 "'} &
T 0 4% 1 47 R B2 B, R A AR R /N I 3] 288 X
144, SR 5 2R FHBRE 25 9 A AIF 3 3 4 41 7 41 A e, X6 T 7
B HURESr R  Sck [ 12] P RIAE i B . SR A BERL
B TR K Sh i S HOE R 0. 3, 8 P15
P B W) Uf 2 ) AR BE B N 0. 1, 24 2] RAE 20 58 1K
A 20 2 0. 01, 7658 50 F8 YR I ik 2] 0. 001, 78 5 4~ 4k
P E&A SO A K .
4.2 HEEMITMIRAE

RegDDB ¥4 40 & 412 4 A [H B Gy 41 A, &%
BTN B0 R4 10 5K 1T WL % e 10 5k 21 7 E%:
YII 25 42 A 5t 42 23 9 40 206 A7 AL 4120 5K E % .
XFF RegDB B4 122 |, # LA I 77 1 R R nl e A7
KR L ANERE N R R IR

(18)

F 6055 14H1/2023 F7 B/BAERBEFEHRE

SYSU-MMO1 4 45 & s B A5 47 AN F IR0 A2
A B B L 40 287628 5k ] WL K% Fl 15792 5K
L ANESR, 3 491 T AME B . SYSU-MMO1 %% 88
L5y R R Be TR AR |, 23 A 7 3954 F1 96 M7 A
YIZRME A7 22258 5K 7] UL G AT 11909 5K 21 4F KIS
WA A 3803 5K AT £ 1 K145 1 Fifi AL 16 B Y 301 5K AT
DL G AE A 4R o MR A0 A o DT Ak B 180, i 42
£ all-search # = Fll indoor-search # R =, .

{8 FH 23 DC I AR (CMC) il 26 th 19 Rank-1 38 51
K Rank-10 iR %] % F Rank-20 i1 91 R AE Jy 3 Hr 38
PR AN R S S B (mAP) 7B N A 48
FR o CMC G876 Ji AR A 2R 45 5 o 80 1E 0 i A 4
EIME B RE %, mAP i 5 18] P 4 b th 9 22> DR 14
A M BE o
4.3 5HMEZMNLE

W Tk S A I B LS AT N IR B Bk AT
Fe 32, A SYSU-MMO1 £ 40 42 - iy 7 A A ) 485 =X 19 5
WEERmE 1R, v LR K i Bk R A R T
MAERIAE —CHRENE® . DCA-Net /£ H A #k
WG PE ) SYSU-MMOT #4555 4 R A i a8 F S2 8l 1
59.23% #9 Rank-1 K5 & 1 56.55% ) mAP % #f % .
e o, AH B T e 3 7 B DDAG, 7E all-search T,
DCA-Net i Rank-1 %5 B fil mAP 4 538 5 1 4. 48 4>
A S 3 53 H AT M. X HE— 2P B UE T T A
J7 WA RO

#1 DCA-Net il HHj S5k 7 ¥ 76 SYSU-MMO1 #5111 1 R L5
Table 1 Performance comparison of DCA-Net and current state-of-the-art methods on the SYSU-MMO1 dataset

Setting all-search indoor-search
Method r=1 r=10 r =20 mAP /% r=1 r=10 r =20 mAP /%
HOG! 2.76 18. 30 31.90 4.24 3.22 24.70 44.50 7.25
BDTR"™ 17.01 55.43 71.96 19.66
HSME'™ 20. 68 32.74 77.95 23.12
D2RL"™ 28.90 70. 60 82.40 29. 20
MAC"™ 33. 26 79. 04 90. 09 36. 22 36.43 62. 36 71.63 37.03
MSR' 37.35 83. 40 93. 34 38.11 39. 64 89. 29 97. 66 50. 88
AlignGAN'™ 42.40 85.00 93.70 40.70 45.90 87.60 94. 40 54. 30
emGAN' 26. 97 67.51 80. 56 31.49 31.63 77.23 89.18 42.19
HPILN" 41. 36 84.78 94. 31 42.95 45.77 91.82 98. 46 56. 52
LZM" 45.00 89.06 95.77 45.94 49.66 92.47 97.15 59. 81
AGW! 47.50 84.39 92.14 47.65 54.17 91.14 95.98 62.97
X-modal™ 49.92 89.79 95.96 50. 73
DDAG" 54.75 90. 39 95. 81 53. 02 61.02 94.06 98. 41 67.98
Proposed method 59.23 91. 83 96. 63 56. 55 63.22 94. 39 98. 20 69. 54
TE RegDB 45 4 T 19 5250 25 2 a0 56 2 firow , Jr 44 4.4 HELZIE

FE TR0 P PP A Of) 1 P AR AR AR T A Pk RE L X T RS
UL B 41 A0 15 B, Rank-1 Fl mAP 19 %5 (8 43 51
78.16% M1 71.18%

4.4.1 AP F AL
AT VAl DCA-Net o & 4~ 4 14F A 50tk 15
SYSU-MMO1 £ ¥n 4 it 47 TiHmh s o . Hku, L
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722 DCA-Net #l H B 5E#E )7 5 78 RegDB £ dia 4 I 09 M 6E b3

Table 2 Performance comparison of DCA-Net and current state-of-the-art methods on RegDB dataset
Setting Visible to thermal Thermal to visible
Method r=1 r=10 r =20 mAP /% r=1 r=10 r =20 mAP /%
HCML™ 24.44 47.53 56.78 20. 08 21.70 45.02 55.58 22.24
BDTR™ 33.56 58.61 67.43 32.76 32.92 58. 46 68.43 31.96
D2RL™ 43.40 66. 10 76. 30 44.10
HSME"™ 50. 85 73.36 81.66 47.00 50. 15 72.40 81.07 46. 16
MAC™! 36.43 62. 36 71.63 37.03 36. 20 61.68 70.99 36.63
MSR" 48.43 70.32 79.95 48. 67
EDFL"" 52.58 72.10 81.47 52.98 51.89 72.09 81.04 52.13
AlignGAN" 57.90 53.60 56. 30 53.40
LzZM"" 57.03 76.10 84. 34 58. 06
X-modal™ 62.21 83.13 91.72 60. 18
AGW! 70. 05 86. 21 91.55 66.37 70.49 87.12 91.84 65.90
DDAG™ 69. 34 86.19 91.49 63.46 68. 06 85.15 90. 31 61.80
Proposed method 78.16 91.75 94. 66 71.18 77. 62 91. 60 94. 47 70. 56

A 3 X 4% ResNet-50 4 2 pR £k 41 A% ) ) 4% 455 U AR
k3 28 (Baseline) , - 76 BL &k LM E T LR 34K
#% . 1) Baseline+CGSA ; 2) Baseline+CGSA+AFA;
3)Baseline+CGSA+AFA+ICGR., ¥l 52 5 45 5 4n
T 3FiR . MWESHTLUEH, 7E SYSU-MMOT %1 4 42
I, 5 Baseline #H It , Baseline+CGSA ¥ Rank-1 5 &
I T 2.57 A A mAPHTF T 2. 09N A 40 AL X
Ut ] CGSA B 0% A 282wy & M % iy PR s . 7
SYSU-MMO1 £t #5 4 I, 5 Baseline+CGSA # [t ,
Baseline+CGSA+AFA [ Rank-1 ¥ & #2 7+ T 6. 98
ANE L mAP T T 4. 694 H 40 5, X 584 U B
AFA #5 e 68 08 75 2088 T+ W 45 7 58 . 5 Baseline+
CGSA-+AFA # It , Baseline+ CGSA+AFA+ICGR
B Rank-1 K5 BE42 7 7 1. 50 A 4> 4, mAP #2572, 13
ANE L X A UL ICGR 1 He B 08 3 — 45 2 T+ I
2K PERE
#3 1 SYSU-MMO1 ¥4 45 b 16 7 fil 52 50 5 5%

Table 3 Experimental study of ablation on SYSU-MMO1 dataset

unit: %
Baseline  CGSA  AFA  ICGR ——2-MMOL

Rank-1 mAP
v 48.18  47.64
v v 50.75  49.73
v v N 57.73  54.42
v v J J 59.23  56.55

4.4.2 TCGRIGEAILEB A AR R

285 PN R AT 368 3 2 T 2L A Bl e i BOAS [ A
FEA B L 2 R AR, IR MBS RS 2 50 0 0 T RIERE S
PR 38 3 2 2 A B B A AE L 7E SYSU-MIMO1
Btk LAY T8 B B E TS GEES

31RO 1 S B O B2 I - T Sy
(Baseline) . #XJG 0 AR 44H 525 . 1) ANl ICGR
B He (X 1 Baseline) 5 2) 7E ResNet-50 [ 45 2 > 35 fH He
Jo il A ICGR B 3 5 3) 7 ResNet-50 %45 2.3 & fH
J5 1 A ICGR B H ;4) 7F ResNet-50 45 2.3 4 &
HE 46 A ICGR BB,

JIT A S 56 SR FH A TR 09 2 808 i, X6 0L )y 325 19 SE 56
ZERAN R 4 FFR i H Rank-1 F1 mAP VE R IEH 1847 o

# 4 ICGRIHANLEAE SYSU-MMOL 7EHH 4 T 1 92 56 45 R
Table 4 Experimental results of ICGR inserted different

position under SYSU-MMO1 dataset  unit: %
) SYSU-MMO1
Baseline Conv2 Conv3 Conv4

Rank-1 mAP
N 57.73 54.42
N N 58.27  54.73
NG NG NG 59.19  56.19
NG NG NG NG 59.23  56.55

M ZE AT DIE 1,75 SYSU-MMO1 5l 4 |, 4%
I AR 25 N R S G > A A B, vk 13
5 AU A all-search #5128 R 3R 45 57. 73 % AY Rank-1 #E i
N 54.42% W mAP. Y46 AR N R 8 B 5 A
FEHMRSG , 72 5 3 4 T GE1S B B 42
T, 33X 2 PR Ry A5 285 P R AF 33 T8 43 41 R 2 R B 3 gk AR B
P RPR S A8 AR B, AT IR — RS 25 19 SR M5
SR E A A SRR T, B R AR AR U, AT
P B — RS MR R B 1 B, R S
5o AR ARTET 154 H 43 5 W Rank-1 #E 6 % 1
2. 13 AT M mAP, X R I E 2 ik 3
A PRRAE 8 38 3 21 R 21 A A A IR E A 4 It
B o 45 2 S B IR BT R 2 A5 % S 8GE I &
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Hefii A v J2= W 255 v i I o0 265 R S 4 3t 0 e 0 X
{5 L, AT AT 280 Mo AR B A2 285 TR 5 =2 T 14 22 031, i oo AR AR
ECHE E o AL, 70 19 2% w8 J2= B 38 5 AR A 1 UAE B, K
T 2% fife 5 B2 25 22 5 AR W K R PR RE
4.5 MERBHWERE

RIT T A [l 45 2K R IO A5 R0 P BE A 52 1, DA TG 48
TR T £ 97 ¥ B A R0 S5 RN SR S B s o T A HE AR
R B 3 400K Lo I VB R A 5 25 A B A 25 =0
A LS5, KB K, M R A — 2 8T 2 FK
A BB ZEERGWR L5 B8] 59 22 B AU,
Y Y R o — 2R T

F 5 RIAHR R BB AR Y 1 BE ) 5

Table 5 Effect of different loss functions on model performance

unit: %
) SYSU-MMO1 RegDB
Loss function
Rank-1 mAP Rank-1 mAP
Ly 56. 89 54.75 70.63 62.03
L+ Ly 57.73 54.42 72.18 66.03
L,+ L+ Ly 59.23 56. 55 78.16 71.18

4.6 EFREDH

T BT DCA-Net 5 AGW' \DDAG"'fty
THERL I (B A0 2 B0, 45 Rk 6 s, o, I AR R
(9 52 B 25 — > epoch BT FIBY IS TR] o AT LA HY, AH X
T AGW # M DDAG B8, B 42 7 3% 98 R 5 A#i 4t
BRI 8 o BARM  AHX T AGW B8, fir §2 07
U St Ti) 55 T TN 2B R BT N AR A — o B
B HAE T RRERE R 4R T, R 2 100 MB KL RN
F7 35 2 A Y A X T DDAG BERY, B 4 7 21 45
fF [ 5, YIRS BT 5 A R 1 1. 52 MB, JLT-
L2 AT

H6 B A T
Table 6 Model complexity analysis

Model Model memory /MB  Training time /s
AGW 273 234.33
DDAG 362. 48 299.82
DCA-Net 364 237.07
5 4 it

P b — A ik T e 2 R ) LR A4 R R 2%
DCA-Net, > $2 BOR R #2285 47 A B8 2 18] 5 s €
fi% b R AR R R R R AT N AR AE A R . DCA-Net
AL A2 N AL G G o 2 R RS R TE )
HIL A5 A2 I R P 25 A o AR PN R ikl T ) 4
LR T T 52 BOAS [R5 25 121 5 10 6 =2 R A1 5 SR R AR
TE R HLH A U2 A7 N BB 8] T A O AR 5 B

F60EFE 14H1/2023 £ 7 A/ B ERBFEHE
25 113 I P45 0 T T IS AR A 42 . Kk S0 4 2k
W1, Fr ¢ DCA-Net #5817 N E R BIE EEA 2] 1 B Al
e K

2 £ X #t
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