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Abstract: Objective Aiming at the problem of insufficient attention to the delicate area of pedestrians and the
vulnerability of the network to noise in the current cross-modal person re-identification research, this paper proposed a
multi-branch fusion variational refinement distillation learning method. Methods Firstly, the network aggregated global
features of different granularity through multiple branches, urging the deep network to learn the global information and
details of the two modes to enrich the feature descriptors of pedestrians. Then, combined with the variational refinement
distillation strategy, the feature information was recompressed, the deep information related to the task was retained, and
the useless interferences were discarded. Finally, the different features captured by the network were jointly supervised by

multiple loss functions to improve the sensitivity of the network to pedestrian representation. Results R-1 and mAP

Wk H 9. 2023-04-15 &1 H 1:2023-05-25  3CE405 : 1672-058X (2024) 04-0077-09

He G H LB A SRR 54 (2108085MF197, 1708085 MF154) 3 LB R 15048 2% A AR FF 2= WE SR s 351 H (KJ2019A0162) 5 Al 4 AR
S RERE B 2 R R S E T 4 ¥R B I H ( DTESD2020B02) ; % 21 TR K¢ E % [ AR 3 4 Wi A
(XJKY2022040) ; 20 KEWFoE A BHE RS 00 H (Y]S20210448 ,Y)S20210449) .

B WA . THGE (1999—) , Lo, Zfs M BT A, NI BB AT 5%

IS TRBE(1981—) , 5, 8 M T B0z, i1 2R S0, DA = R 55 0040015 8 Ak 3 AN+ S5 WL 5 55 J T 1) BF 5.
Email; fswang@ ahpu. edu. cn.

SIHRE R TR%GE TR, BRITIK. 255 Sl A 78 /3 AL 2808 0 BSR4 T AR BN 1], SR TR RS2 ( HARBLRR) L2024, 41
(4):77—85.
WANG Luyao, WANG Fengsui, CHEN Yuanmei. Cross-modal person re-identification based on multi-branch fusion variational

refinement distillation[J]. Journal of Chongqing Technology and Business University (Natural Science Edition), 2024, 41(4): 77—385.

Fefmi ik (http ://journal. ctbu. edu. cn/zr/ch/index. aspx)



78 ERIHAFFR(AARFER)

%41 %

reached 66.93% and 65.25%, respectively, with the proposed method in the full search mode of the SYSU-MMO1
dataset; the R-1 and mAP reached 78.26% and 77.83% respectively in the visible to infrared setting of the RegDB

dataset. Conclusion Through ablation experiments,

effectiveness of the proposed method is fully verified.

comparative experiments,

and visualization experiments, the
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Table 1 Ablation experiments under the SYSU-MMO01 dataset
All-search Indoor Search
Method DIAM VDR1 VDR2 VRD Re-ranking
R-1/% mAP/% wmINP/% R-1/% wmAP/% mINP/%

Base X X X X X 47.50 47. 65 35.30 54.17 62.97 59.23
Oursl Y4 X X X X 53. 66 52.39 39.29 57. 64 65.01 61.19
Ours2 Vv Vv X X X 54.72 53.84 41. 14 60. 39 67.79 64.20
Ours3 Vv X Vv X X 54.43 53.47 40. 37 58.85 66. 45 62. 89
Ours4 vV x X VvV x 56.36  54.96  42.01  62.20  69.11 65. 50
Ours5 vV x x vV vV 66.93  65.25 53.05 74.72 78.89  75.89
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W 2 B, MR SR 4 32 i AR Ak 7 X
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oo SCE R I GeM LA AREE T 7 23t Ak 14 8 E 47, 14
B GeM YAk T4 3R 4 o X I 1 S W AR E | 4T 40k
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AR SR GeM 3R A HER [RIRLEE i X3 32,

*x2 AEHAFHAIXT LR
Table 2 Comparative experiments of different pooling

methods

Method All-search Indoor Search
globall global2 R-1/% mAP/% mINP/% R-1/% mAP/% mINP/%
GeM  — 47.50 47.65 35.30 54.17 62.97 59.23
AVG — 47.67 46.98 34.30 51.46 59.67 55.81
GeM MAX 49.83 47.62 33.53 53.98 61.59 57.33
GeM AVG 52.32 50.61 37.37 57.39 64.61 60.61
GeM GeM 53.66 52.39 39.29 57.64 65.01 61.19
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FHR 3 IR 4 W A SO SR (AGW) B AH
L, 7F SYSU-MMO1 %4 fE 4 RN, R-1 #8541
19.43% ,mAP & T+ T 17.6% , mINP &£ T+ T 17.75%; 1E
RegDB B 4E ] WL B AME R & T, R-1 &7+ T
8.21% ,mAP $£7} T 11.46% ,mINP 42T+ 7T 21. 6%, HT
AGW S50k FH A I 28 HE SR AN DG B — (1) 42 JRy P AiE, ik =
X P A5 B % e LA OG0 AR B R AL BR, S 30T
NRBIFAE XA AN AR SR A [ B 3L
KNG L, USRI 4 JRy A A TR R AE , 38 x4 7
NIRI 15 B ARSI BB 4 R A gm 15 45 B 1k
TR J R I S SN2 TN A S eI %
24T, 5 Xmodal 57540 Lb, A SCH VL #E SYSU -
MMO1 HdEE 2 R T, R-1 & 17.01%, mAP &
14, 52% ;7 RegDB Bi4En] WICRI LI AMEREE T,
R-1 &t 16.05% ,mAP 5 17. 65% ., Xmodal 25571
o BEARE B B AL 24 ) (0 A R « BEARIENG hvT A
A5 AN RS | D TITT 5 00 ) 28 A 1R By B e T A S
A FIE L IR B0 T G T 5 2 A T AR AR
2457, FH X HE S 23 SR AT AR S 4% 1) e T
CmCEN Bk 54 SCTE R —FE Ak ok, 5 HAR L,
A AR T4 76 SYSU-MMO1 B ¥E 4 448 R A
AT, R-1 /&t 16. 84% , mAP &t 15.79% , mINP &5
15. 88% ; R SCHAE RegDB BRI PIFF E R IEM 5
Fr¥IE H CmCEN &4k, CmCEN 1 ] 56 545 18 B e
FHAG R EREUE 2 1 S RFIE AR B (BB A S R L
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%3 7£SYSU-MMO1 #i#E5% FMEM A AT LW ER
Table 3 Experimental results on SYSU-MMO01 dataset compared with other methods
All-search Indoor Search
method
R-1/% R-10/% R-20/% mAP/% wmINP/% R-1/% R-10/% R-20/% mAP/% mINP/%
TONE" 12.52 50,72 68. 60 14. 42 — 20. 82 68. 86 84. 46 26. 38 —
HCML" 14.32 53.16 69. 17 16. 16 — 24.52 73.25 86.73 30. 08 —
BDTR™ 27.32 66. 96 81.07 27.32 — 31.92 77.18 89. 28 41.86 —
D’RL™ 28.90 70. 60 82.40 29.20 — — — — — —
MAC"! 33.26 79. 04 90. 09 36. 22 — 33.37 82. 49 93. 69 44.95 —
DPMBN''! 37.02 79. 46 89. 87 40. 28 — 44.17 87. 12 95.24 54.51 —
Align GAN'" 42. 40 85. 00 93.70 40.70 — 45.90 87. 60 94. 40 54.30 —
Hi-CMD!! 34.94 77.58 — 35.94 — — — — — —
JSIAT 38.10 80. 70 89. 90 36. 90 — 43.83 86. 20 94. 20 52.90 —
Xmodal 49.92 89.79 95.96 50.73 — — — — — —
DFE!" 48.71 88. 86 95.27 48.59 — 52.25 89. 86 95. 85 59. 68 —
mtGAN-D!* 41.10 82. 40 91.90 40. 50 — — — — — —
FBP-AL™ 54.14 86. 04 93. 03 50. 20 — — — — — —
CmCEN!" 50. 09 86. 64 93.29 49. 46 37.17 56. 84 93. 04 97. 69 63.55 —
Baseline(AGW) '™ 47.50 84. 39 92. 14 47.65 35.30 54.17 91. 14 95.98 62.97  59.23
Ours 66. 93 92.29 96. 31 65.25 53.05 74.72 95, 34 97.91 78.89  75.89
#F 4 7£ RegDB HIE&E FMEMA AN LRI ER
Table 4 Comparison of experimental results in RegDB dataset with other methods
Visible to Infrared Infrared to Visible
method
R-1/% R-10/% R-20/% mAP/% wmINP/% R-1/% R-10/% R-20/% mAP/% mINP/%
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 —
D’RL™ 43.40 66. 10 76.30 44.10 — — — — — —
MACE! 36. 43 62. 36 71.63 37.03 — 36. 20 61. 68 70. 99 36. 63 —
Align GAN'"! 57.90 — — 53. 60 — 56.30 — — 53.40 —
Xmodal"’ 62.21 83.13 91.72 60. 18 — — — — — —
DFE'?! 70. 13 86. 32 91.96 69. 14 — 67.99 85. 56 91.41 66.70 —
miGAN-D!* 65. 60 84.20 89. 60 60. 00 — 65. 80 85. 80 91. 40 59. 60 —
FBP-AL!' 73.98 89.71 93. 69 68.24 — 70. 05 89.22 93. 88 66. 61 —
CmCEN!" 74.03 88. 25 92.38 67.52 51.22 74.22 87.22 91.99 67.36 —
Baseline(AGW) '3 70.05 86. 21 91.55 66. 37 50. 19 70. 49 87.21 91. 84 65.90  51.24
Ours 78. 26 89. 27 94. 51 77.83 72.50 75.35 86. 32 92.14 75.48  70.35

Fefmi ik (http ://journal. ctbu. edu. cn/zr/ch/index. aspx)



84 ERIMAFFMOEARER) %41 %

3.6 WIPLIERLE

R RS T VA B S AR 5 PR R 2k
FIFT 4R T7IEAE RegDB Bl L ARAHHY R-10 K345
PEAT AL . e 5 — 5 D A S i R AT R] L
JERNLLAMLLAN S Al DLOE PR A TR R . KR 5

Baseline

Ours

Baseline

Ours

ATk AR B AT DL R 3 7R 5 £ i) RS A B 403 AR
[A] , WA A7 21 @ AE 1 R] W' IR 3R 5 4 il R H
ARFER By, SEEGEE R PR A SCO7 VR AE PRl DL i
R B R BRI T2 RA

5 RegDB HEETELZRE X5 ATEEATRUIT L E
Fig. 5 The visual comparison diagrams of the baseline algorithm and the algorithm in this paper under the RegDB dataset
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