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Abstract: In order to solve the problem that the label is not accurate and the background interference makes it difficult to obtain the
predefined local area in the weak supervision vehicle re-identification method. A vehicle re-identification network based on weak
supervised attention and knowledge sharing is proposed. In the weak-supervised attention module (WAM) , the weak-supervised method
is used to generate the vehicle component mask, and the component channel alignment step enables the module to perform adaptive
feature alignment under complex background. Aiming at the problem that the mask of WAM module is unstable due to the low accuracy
of labels in weak supervision method, a knowledge sharing module is constructed in local branches. The module uses migration learning
to extract vehicle component features from WAM module, and performs multi-scale component feature extraction to prevent unstable
vehicle component mask generation. Through experiments, mAP, CMC@ 1 and CMC@ 5 reached 82.12%, 98.50% and 99. 12%,
respectively, which are better than the existing methods and verify the effectiveness of this method.
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Fig. 1 Network framework
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Table 3 Results of CMC @ 1 and CMC@35 on VehicleID

Ik /N o x

Methods ce1 C@5 Cel Ce@5 (el Ces
VAMIH! 63.12 83.25 52.87 75.12 47.34 70.29
PRN!24 78.92  94.81 74.94 92.02 71.58 88.46
PVEN?! 0.847 0.970 0.806 0.945 0.778 0.920

TBE-Net!?") 86.0 98.4 82.3 96. 6 80.7 94.9

DFNet % 84.76 96.22 80.61 94.10 79.15 92.86
TransReid®)  85.20  97.50 - - - -
VABPP3]  82.80 97.90 79.50 95.40 76.20 92.40
DRA - - - - 79.25 91.03
SSBVER!®®!  85.61 97.73 80.34 94.92 77.26 92.59
VPEN'2] 0.857 0.980 0.821 0.962 0.801 0.943

A 86.93 98.7 83.74 96.73 81.02 94.37
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2.4 HERSCIS
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HER e 4 i, Hp 4Ud H Resnet-50 7k 3 1M
LIRS X S5 B AE YA U AE ) Baseline , 35 343 #) Fm
j‘j RO

R4 TE VeRi-776 LIIE WAM #iR1EA
Table 4 verifies the WAM module role on VeRi-776

WE mAP cel c@s
Baseline 74.30 94. 34 98.91
Baseline+R 79. 50 95. 62 98. 43

Baseline+WAM 79. 60 96. 40 98. 61

UntEl 6 B Al RIRT A 22 07 R A RRE Y, 2 4
By A AN KIS (8 38 S0 24 20 53 ) 2 A7 A 2 )
i, ATREE I — L GBS B . MELZ R R WAM ik
F14958) Wi B HERS RE RS BT S T B 5 1 R AN 4 T 4T R
w45 I H R A 2 AR i B i

o=

- ) - !
(a) =4 HIE

(a) Example of vehicle figure 1

N

(b) ZEHn Bl B2
(b) Example of vehicle figure 2

Pl 6 i IR WAM A
Fig. 6 Masks for semantic segmentation and WAM
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(a) 2R Jy

(a) Picture of the vehicle

(b) 8P4 TR IIE

(b) Attention map of
the Guidance branch

() AN XIERAE
(c) Attention map of the
Learning branch

7 MAB REHLE A
Fig.7 Attention map of the MAB module

&5 ¥ VeRi-776 LIGIE MAB 1=RHR1ERA
Table 5 verifies the role of the MAB module on VeRi-776

W mAP c@l c@s
Baseline 79. 60 96. 40 98. 61
Baseline+SE-Net 80. 50 96. 62 98.73
Baseline+CBAM 81.10 96.77 98. 82
Baseline+MAB 81. 60 96. 89 98.97
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