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Method for Person Re-identification Feature Extraction Based on Connected Attention
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[Abstract] The gradual increase in national safety awareness has promoted the spread of intelligent monitoring
equipment across major public places. Person re-identification, a key technique for video analysis, is widely used in
intelligent security , automatic driving, and other fields. A method for person re-identification feature extraction based on
the attention mechanism is proposed to improve the identification accuracy of cross camera person retrieval in real
environments. During the data-processing stage, the automatic enhancement method was adopted for person pictures to
enhance the data set size, considering the difference in the identification effect under different amounts of training data.
During the feature extraction stage, the connection attention module and ResNet50 residual network were combined to
form a feature extraction network to extract more:significant person features.In the loss optimization stage, triple and
circle losses were used to optimize the person characteristics and complete the distance measurement.Finally, the person
ranking results were obtained according to the distance. The experimental results showed that the Rank-1 and mAP
values of this method on the Market1 501 data set were 95.90% and 89.66% ,respectively.The Rank-1 and mAP values on
the DukeMTMC-relID data set were 91.16% and 81.24% , respectively, and those on the MSMT17 data set were 84.37%
and 62.73%, respectively. Compared to existing classical person re-identification methods (PCB, MGN, Pyramid, and
OSNet), the network identification performance evaluation indexes improved significantly.

[Key words] person re-identification; deep learning; Convolutional Neural Network (CNN) ; attention mechanism;
automatic enhancement
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Fig.1 Person re-identification feature extraction

network structure
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Fig.2 _Channel attention module structure

Xif H A B A B R AE ] X e RO k4T 4 JR)
SF- ¥4 3 1k (Global Average Pooling, GAP) Al ¥F fif %
e, (D) PR

A =T(Xgpp-®,) (D
Hop: Cx W x H R FFAE BRI, B3 8 20, % 58
JEFEUR @ B s o0, R F R S8 X0 € RN 2SR LA
Je WRFAE 5 T R R A0F 6 8, 12 3 46 38 3k L) A TAr 4 i
122 0 4 S SR, 2 A 4 3 52 )2 1R AR R M TR PR i)
“} ReLU F1 Sigmoid; 4, € R J& 5% i 30 18 1 3
FH . RIS X e R, = (2)
FER

Xou
Horp . 0 R il 18 5 is 58I g
XJ A0 G N AR R AT AR
LR T R R

X, = T(Xgpps @,)0X (3)

R R R A 1 3 BT, HOK )
HFE R WEEEE R A, 5 YEEERN A
Jri M AR 25 SR AT Rl G, X R A BE 05 IR Y AT A A
U0 38 18 T R R SR i A R Ak 45 R RN Y
& AR I R R RIS T A E]

=A4,0X &)
%

1A
&2 SR RE =]

LN+ReLU

X(;u(
B3 ERFEHEREN

Fig.3 Connected attention module structure
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Table 1 Performance comparison of different

person re-identification methods %
. Market1501 DukeMTMC-reID ~ MSMT17
ik Rank-1 mAP Rank-1 mAP Rank-1 mAP
PCBY! 92.30 77.40 81.80 66.10 — —
MGNH 9570 86.90 88.70  78.40 — —
Pyramid" 95.70 88.20 89.00  79.00 — —
OSNet” 94.80 84.90 88.60 73.50 78.70 52.90
MHNY! 95.10 85.00 89.10 77.20 — —
SONA! 95.70 88.70 89.30  78.10 — —
AGWE! 95.10 88.30 89.00 78.60 68.30 49.30

FastRelD!** 95.40 8820 89.60 79.80 83.30 59.90
ARSCT5 2% 9590 89.66 91.16 81.24 84.37 62.73
ACI)E+QE 9587 93.90 9273 8873 — —
ATy E+Rerank 9599 9496 9340 9118  — —
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Table 2 Ablation experimental results %
) 45 25 44 Rank-1 mAP
ResNet50 94.71 86.48
ResNet50+M1 94.86 87.00
ResNet50+M2 95.78 89.20
ResNet50+M1+M2 95.90 89.66
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Table 3 Experimental results under different

channel attenuation r values %
T 0 fEL Rank-1 mAP
1 FC 95.55 89.22
2 FC(r=16) 95.67 89.03
2 FC(r=8) 95.43 89.02
2 FC(r=4) 95.55 89.26
2 FC(r=2) 95.90 89.66
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Table 4 Experimental results under different

backbone networks %
FT M % Rank-1 mAP
ResNetl8 93.02 82.68
ResNet34 94.71 86.46
ResNet50 95.90 89.66
ResNetl18-IBN 92.22 80.67
ResNet34-IBN 94.15 85.11
ResNet50-IBN 95.69 89.07
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Table 5 Experimental results under different

loss functions %
m 1 n Rank-1 mAP
m=1,n=0 95.18 88.76
m=0,n=1 95.51 89.02
m=1,n=1 95.90 89.66
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Fig.6 Some person re-identification results
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