http: /www. jsjkx. com

DOI:10. 11896/jsikx. 190500013

St A 2

AR A E 5 ESMEITEIT AT RMNTE

EFE BEE M ¥
HREIVAZFITHENBFERRFER X 211816
(pjz34567@163. com)

H E AARAANZARLEE P —RAMABREEGES, BRE P BEE LR A5 MAFH L. 2FFTAFTRANG EHF
BRI, ATRBFABRANGERE RBE - e oW ENHELEESFHUFAFTRAN TR, A RBELEESEITE
% Openpose B AZATAX T 5 R8BS AFTABRRFTAB A RN AKFRLEAZ L, FRBAEFZLEEFAXLT ST RFTEHIFR
BEF  EARFAARFBAGE  BE. BL2HBEEHFBRRNHAN CNNRREE; RE.RAFERSNLE LS A
FERAS ARRE LGB RIER T, FRERAN . REWFTZALALHOTAFTRINEHE, L E CHUKOS % £ =
% rankl X 3] 7 71.3% , £ Marketl501 o DukeMTMC-relD #35 %& L ¢ mAP £ %158 7 63.2% 5 60.5% ., B, r#s ik
BB AR AT M AT AL S B F A EALFFIAE,

FEER ARVAL L R AT IR A S T s AFAFIRA S AR AR A

hERSES TP39L

Person Re-identification Fusing Viewpoint Mechanism and Pose Estimation

PEI Jia-zhen, XU Zeng-chun and HU Ping

College of Computer Science and Technology,Nanjing Tech University, Nanjing 211816, China

Abstract Person re-identification is a very challenging task in video surveillance. Person have significant changes in appearance
due to occlusion and differences in illumination, posture and perspective, which will ultimately have a great impact on the accuracy
of person re-identification. To overcome these difficulties, this paper proposes a method for person re-identification based on view-
point mechanism and pose estimation. First,the pose estimation algorithm Openpose is used to locate the joint points of person.
Then,view discrimination is performed on the image to obtain viewpoint information. Local regions based on viewpoint informa-
tion and joint point locations is proposed to generate a partial image. Next, the global image and the partial image are input into
the CNN simultaneously to extract features. Finally.in order to obtain a more robust feature representation. the feature fusion
network is used to fuse the global and local features. Experimental results show that the proposed method has higher person re-
identification accuracy. On CHUKO3 dataset, the value of rankl reaches 71. 3% ,and on Market1501 dataset and DukeMTMC-
relD dataset,the mAP reaches 63. 2% and 60. 5% ,respectively. Therefore,the proposed methokd can well cope with person atti-
tude changes,pose changes and other issues.

Keywords Camera viewpoint,Pose estimation, Deep learning.Person re-identification,Feature fusion
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Fig. 2 Framework of feature extraction network
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3. Getting feature vector Y form j according to m;
4. Calculate the Euclidean distance d(X,Y);
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6. end for
7. end
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Table 1 Results of view discriminator on three datasets

A& I # A& B Accuracy/%
CHUKO03 837 163 83.7
Market1501 851 149 85.1
DukeMTMC-relD 853 147 85.3
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Table 2 Results of proposed algorithm and each individual algorithm on three datasets
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Fig. 9 Comparison of different algorithms on CHUKO03 dataset
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Table 3 Results of proposed algorithm and each individual algorithm

on Market-1501 dataset

AT %)
Ik mAP rankl rank5  rankl0  rank20
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Table 4 Results of proposed algorithm and each individual algorithm
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