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Fig. 4 Image self-attention mechanism
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models on DukeMTMC-RelD %

R Rank-1 ~ Rank-5  Rank-10 mAP
DenseNet 82.0 83.3 84.8 73.1
SE-ResNet 82.3 83.9 85.0 73.4
NasNet 83.2 84.1 85.3 74. 1
ShuffleNet V2 84.7 84.3 85.7 74.2
HACNN 80.5 63.8
MLFN 85.3 86.7 77.2
OSNet 87.5 89.7 90.5 77.6
AR 88.4 93.1 95.2 79.2

F2 N F AR H A SO AY |- FE Market-1501
AR L RXT LLSE g 45 R FEA 5 Market-1501 I
A AR ALY Rank-1 5 mAP #0K5 B e i 1Y
OSNet B HIEETET 0.4 F10.5 NH 545

%R 2 AFEHEBELE Market-1501 T bk 236

Table 2 Comparative experiment of different

models on Market-1501 %

78] Rank-1 Rank-5  Rank-10 mAP
DenseNet 91.0 91.9 93.4 82.9
SE-ResNet 91.2 92.1 9.2 83.1
NasNet 91.4 92.7 9. 6 83.9
ShuffleNet V2 92.1 94.3 95.7 84.2
HACNN 91.2 72.6
MLFN 93.2 94.9 81.9
OSNet 9%. 1 95.3 9.5 84.6
AR AR 9.5 96. 0 9. 8 85.1

3 Ry E WA 5 A SR MSMT17 £di 4
R SR 25 R TR AR S MSMT17 _E AR S0 4
BEAYEY) Rank-1 5 mAP B0k B2 5 = 1Y OSNet 53547
FHRTET 0.5 F10.9 4~ EH 445

*®3 TEHEBAE MSMT17 EEyxtLE SEi6

Table 3  Comparative experiment of different

models on MSMT17 %

A Rank-1 Rank-5  Rank-10 mAP
DenseNet 75.5 80.3 82.3 45.8
SE-ResNet 77.2 80.9 82.7 52.3
NasNet 77.2 83.5 84. 1 53.1
ShuffleNet V2 76.7 83.3 84.7 51.8
HACNN 71.7 4.6
MLFN 76.3 84.7 51. 4
OSNet 78.7 85.9 86.6 52.9
AR A 79.2 86. 4 88.7 53.8

3.4 HEhLIE

AR SCELRLR F 198 1 W 45 A& 58 ResNet50, 4
UES | A SIS BB R, BEEUIY 345 19 5332 2
Z 5SS 4 FiR, SIS S E R
) Dy-ResNet50 7£43 37 2 Y Rank-1 A1 mAP ¥4);
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PEAT T8 Fh 52 565, 45 R o 00, 3kt B TSI 114 AR 1.
R, 20K sh AL FUR AL S ResNet50, 2H A M fig
FOMLHEY) Dy-ResNet50 R4

x4 PEERETES X LRHREE

Table 4  Ablation experiment of dynamic convolution

on different branches %
[SIES Rank-1 Rank-5 Rank-10 mAP
ResNet50 76.8 89.5 94.9 54.6
Dy-ResNet50 80.7 92.6 96. 4 57.7

S5 ERAR, & B RERN—ZHAE K
B RS R P L85 A A RIB
KA B, AT BS54 T AR AIE. SE 56 R
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TEOUT A5 20 1 I 45 455 750 3 L e 1.

HIAE SN A4 FUALTE ResNet50 A7) J2 AR5,
B s ABFHUS N2 Stagel | Stage2 | Stage 1 +Stage2
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80 - /\\721 Table 6  Experimental results of attention mechanism
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Fig. 6 Influence of number of dynamic convolution

kernels on model performance
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T W RN AR L-F A W, B L, 78
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Table 5  Ablation experiment using dynamic convolution

in different layers of ResNet50 %
Tk Rank-1 ~ Rank-5  Rank-10 mAP
Original 77.5 90.2 95.1 56.4
Stagel 79. 1 91.6 95.3 56.9
Stage2 79.6 91.8 95.6 57.0
Stage] +Stage2 81. 1 92.5 97.1 57.8

A SC R i XA B4 4 DukeMTMC-RelD |
Market-1501 Fl1 MSMT17 #4735 @il 5L 56, D356 AN [\
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Table 7 Experimental results of attention mechanism

ablation on Market-1501 %

Dy-ResNet0 G AR AMERF A 28R Rack.l  mAP

EHHLE E=F A S
vV X X x 90.3 82. 1
vV v x x 93.4  83.2
2 v VvV x 93.1  83.0
Y x vV x 93.6  83.7
VvV v 2 vV 9.5  85.1

R 8 7 MSMT17 HiE&E LEFE NV BIHRENIEER
Table 8 Experimental results of attention

mechanism ablation on MSMT17 %

g AE ARRIRE TR

Dy-ResNet50 Rank-1 mAP

EAHLE AL JIL
V4 X X X 75.7 46.2
vV vV x x 76.2  51.3
Y vV vV x 76.8  52.0
vV x Vv x 76.0  51.1
Y v 2 VvV 79.2  53.8
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Fig. 7  Visualized results
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Multi-feature person re-identification based on cross-attention mechanism

WU Xinyi' DENG Zhiliang' LIU Yunping' DONG Juan® LI Jiaqi'
1 School of Automation,Nanjing University of Information Science & Technology ,Nanjing 210044, China

2 School of Electronics & Information Engineering, Nanjing University of Information Science & Technology , Nanjing 210044 , China

Abstract Existing person re-identification ( Re-ID) methods often struggle with inaccurate feature extraction and
misidentification of person features due to environmental noise. Here,we propose a multi-feature fusion branch net-
work for person Re-ID based on dynamic convolution and attention mechanism.First, considering the uncertainties in
illumination, human posture and occlusion, dynamic convolution is proposed to replace static convolution in
ResNet50 to obtain a more robust Dy-ResNet50 model.Second , given the great difference in camera perspective and
the likelihood of people being occluded by objects, self-attention and cross-attention mechanisms are embedded into
the backbone network. Finally, the cross entropy loss function and the hard triplet loss function are used as the
model’s loss functions, and experiments are carried out on public datasets of DukeMTMC-RelD, Market-1501 and
MSMT17.The results show that the proposed model outperforms current mainstream models in Rank-1 (first hit)
and mAP (mean Average Precision) on three public datasets,indicating its high identification accuracy.
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person re-identification; dynamic convolution; self-attention mechanism; cross-attention mechanism



