®14E £1H g g it E N 5 M A
Vol.14 No.1

2024 £1 A

Intelligent Computer and Applications Jan. 2024

X EHE . 2095-2163(2024)01-0095-07 FE42ES . TP391.41

BTl EEAFEMERNT AR RMNTE

B oM, RWE
(BMAZE MIBSEEIEER, BN 350116)

SCERAREED: A

W OE. AT AE B RGOR I BRI AT 2 — 0 T 2 R ] TmageNet HEAT UL, 2000 1 a4 3k k) 22 5%, HL
VAZERE PE R 2003 SRR i 2 B R A2 2R R v o AR SCBT T — AT KR 0 | SR JH 56 T I A6 DIRUA T I 7 B 26 2 15 B 0
J7 AT BN 9800 5 0) 22 S LU R THRRAE S IARE J7 5 LR T34 507 B R A R 5 O OOk 22 I 2% 1) b 5 I S, 494 5 1 2% 1
RAIESR HUAE J7 5 76 0 25 i A ARARIE I AL] , 7R SR B (7 0 5 A S B A, 410 A I D R A 5 SR FH BEATLAZE B3 XA A%
iR i LA B R iZ AL RE T T 23 S | — TR AL G AR L 45 G R KON 100 245 EAT W B DI R, 20 T 5080 4 Market —
1501 1 Duke-MTMC _F-5¢ i 1 iH il S50, 15 F2 07 100 FE e 3 R MIA DT IS FE AN TT B A2 A 200 S8 IR AS RO RT B -, 5 Tk 2
BRI

KR AT NERG WIS, BREMLS; FRAERLG ; TERIHLH

Person re-identification based on video pre-training and attentional feature fusion
NAN Hao, WU Lijun

(College of Physics and Information Engineering, Fuzhou University, Fuzhou 350116, China)

Abstract: Person re—identification is one of the key steps in cross camera tracking. Most mainstream methods use ImageNet for pre
training, ignoring the difference between domains of data sets, and most of them are multi branch models with large structures,
which have high complexity. In this paper, a pedestrian re recognition method is designed, which adopts the method of pre training
based on the original video with noisy tags to participate in the supervision, and reduces the difference between domains to improve
the feature expression ability ; The attention based feature fusion method is used to replace the jump mapping of the residual network,
which enhances the feature extraction ability of the network; Embed coordinate attention mechanism in the network to strengthen key
features and suppress low contribution features in the case of low complexity; At the same time, random erasure is used to enhance
the input data to improve the generalization ability. The network is supervised by combining classification loss, triple loss and central
loss functions. Ablation experiments have been completed on Market— 1501 and Duke MTMC public datasets. The comparison
experiments with mainstream methods show that this method can still achieve high accuracy without complex multi branch logic
structure.
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Fig. 1 Structure diagram of the proposed method
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