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Cross-modal person re-identification method based on heterogeneous
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Abstract: Cross-modal person re-identification between visible and infrared light images is a challenge due to the
differences in imaging principles. The alignment and mining of heterogeneous pedestrian information become
difficult. To address this, we proposed a cross-modal person re-identification method based on heterogeneous
information alignment and reranking. The proposed method includes a new algorithm for heterogeneous local
information alignment, which dynamically matches the same pedestrian heterogeneous local information by obtaining
the shortest path of the distance matrix. We also proposed an extended k-nearest neighbor reranking algorithm, which
realizes the same pedestrian heterogeneous information fusion and reduces the difficulty of information mining by
dynamically expanding the heterogeneous information of the query image’s £ mutual nearest neighbors. The experimental
results show that our method improves mAP and Rank-1 evaluation indexes by 10. 12 % and 8.6 % respectively on the
SYSU dataset compared to the AGW model combined with £ mutual nearest neighbor reranking algorithm.
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Fig. 1 Schematic diagram of illustrating the challenges of cross-modal person re-identification
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Fig. 2 Schematic diagram of the baseline model

/

P

1.2 REWHEER

BA B BRI 22 M 45 T, R 22 BRI TR BB B 2 I 46 % 22 B i 2 B0t s IR 1 4 AR 22 I 46 i o = A
127~ AR JC A BB THER AR A R, A2 3 5% 22 R A 7 XU ResNet50 W 2% % 22 B bR i 5% 25 1
AR (RSBU) , BB I8 A TUAR R AIE Y S B, 3 — 20 48 w85 4 HBURRAE B 1 00 41



e 82

L AHBEKXFFROARFAFZ RO

2024 &% 2 #

B 25 A BB () R AR 25 R ] 3 7R s AR T o L 5k 22 Wi 4
R IR 5% 22 B R 4 5 U A B (squeeze-and-excitation
module) FHK 5 B 1L bR K19 £ i, B 5 T 4 -5 U0 A B i
it Sigmoid pRECHEE 42 % 2 A F T E SRR 0~ 1 YN 5 8%
i RIS Y A )2 (B 3f DA A B P B A S e
N A 5 3K A 2 0 A OB« s B 2R 0 AR Ak
P REAE A 5 AR (%) RO 6 AE s 45 B105T 19 SRR AR

2 ETRAGEEXNFNEHAFNEESITAEIR

AW GEAESERAA LAl b, 42 8 — Fh 3 F 5 T (R B X 5%
A HE P 0 5 LA AT NI O i B RS A i
OFE B 2 2 B B #1210 5 0 ) 345 8% 57 B i x4 N2
& B IEAT X 55 L AR R 5 1) A K S 5 1) SR A ASCIE ) Ak =
TR GEAE Ly, LG X W 45 47 W B 22 ) s @4 —
Tl Ji& & 300 408 F HE 3 53 0 X6 00 I HE 3 91 2 0 AT E HE Y, Gl 0t
R0 16 HE P 51 2 10 25 5%, 48 B R P00 1 R 1 o, A
BESAT NP E AR A 4 s,

yE, 2Rk
REERE M=4x0)

#IF—LZE
W
IR M=4%0)
AxCx1x1
Sigmoid
IREL
¥ 4AxCx1x1
Y. PR 5
é4XCXHXW 7

B3 REWHBERRTEE

Fig. 3 Schematic diagram of the residual

shrinkage module

AR AR | Ear
! SERH
3 TRRR
: Bk
[l € T oA =TS 128
— | (1x15H) 8
=
T ResNet50 !
4;‘ 4> '-' h
P L | st
‘ (B [ g
2048 918 128
—/
| —
' | —
I E L l%ll 3
WIRHFFIR - |

FRIGL S EHTEE

k k 2k,

LA HIT AP EIR
Pl NI__P2

oy

B4 BRSITARERINAERER

Fig. 4 Flow chart of cross-modal person re-identification method
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Fig. 5 Schematic diagram of heterogeneous local information alignment algorithm
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Table 2 Ablation experiment results on SYSU-MMO01 and RegDB dataset %
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Fig. 9 Impact of reranking algorithm parameters A on cross-modal pedestrian re-identification performance
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