0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 200600043

ETZREZHNERFIERNITAEIRG

F ®H  BAXW? E'EFR OB K

IR MEMRAFEHHFER | 211100

LB EMBEREBERABRAEL LR E(FEEMEMRAF)  FHE 211100
(m15150690108@163. com)

i E HASAAGATARNEREGITAT RN T EMBERGFEHRRARLGE A R BET —HEATERESEEH
MEWITATRAN T ik, ENARE, ZF L EERAEMB G RR R ERBAFIE; KGR B0 5 REFIEBHAITH A
AL, Ak T 43 B) R B ROE 69 A By 45 AEFe By SR AF AR 09 % 45 JE AR AR 4 R R A 2 AL E A Softmax Hi X Ao Z LA X R 4FAE & &
WA E NG, EEENE SRR S RES B EGRIERITRRE AL R R4 /E £ {ALFE P T4 E LA, & Mar-
ket-1501 #= DukeMTMC-RelD 3 # %& £ 49 5 % & 9, AT 3% 75 i 48 )b Bt M % ResNet-50 /2 Rank-1 #3547 L5 #1324 7
1.3% A 3.6% £ mAP M AR LRI T 6.2% A 6.6% . FHLEREYN TR T LG BIBIRAIFIL ) PR D, 8 FHAT
AEIRF AR,

KER AMBEAR;EBRAVEREFTFATRAN; FREFIE; S EEFIE

REESES TP399

Multi-scale Multi-granularity Feature for Pedestrian Re-identification
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Abstract In order to address the problem of insufficient discriminative features for pedestrian re-identification extracted by exis-
ting convolutional neural network,a novel multi-scale multi-granularity feature learning for pedestrian re-identification method is
proposed. In the training phase.the method extracts multi-scale features at different stages of the convolutional neural network,
and then blocks and pools these feature maps to obtain multi-granularity features containing global and local features,uses uncer-
tainty to weight Softmax loss and triples loss and to supervise training process on feature vectors. In the inference phase, the ob-
tained multi-scale multi-granularity features are concatenated,and finally the concatenated features are used to perform similarity
matching in the gallery. Experiments on the Market-1501 and DukeMTMC-RelD datasets show that the proposed method im-
proves the Rank-1 evaluation index by 4. 3% and 3. 6% , respectively,compared with the benchmark network ResNet-50,and im-
proves the mAP evaluation index respectively 6. 2% and 6. 6 %. The results show that the proposed method can enhance the dis-
crimination of extracted features and improve the performance of pedestrian re-identification.

Keywords Machine vision,Convolutional neural network,Pedestrian re-identification, Multi-scale features, Multi-granularity fea-
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Schematic diagram of the overall network structure
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Table 1 Comparison results of proposed method with other methods
on Market-1501 and DukeMTMC-RelD datasets
CRLp 2 )
Market-1501 DukeMTMC-RelD
Method
Rank-1 mAP Rank-1 mAP
BOW -+ kissmel 2% 34,4 14.1 25. 1 12.1
LOMO+XQDAM] 43.8 22.2 30.7 17.0
IDE] 72.5 46.0 65. 2 14.9
TriNet'* 84.9 69.1 72.4 53.5
GLAD 89.9 73.9 — —
Aligned-ReID") 90. 6 77.7 81.2 67.4
pcpit 92.4 77.4 81.9 66. 1
PCB-+RPPHY 93.8 81.6 83.3 69.2
AANett? 93.9 83.4 - -
TANett?8! 94.4 83.1 87.1 73.4
BagTricks?" 94.5 85.9 86. 4 76.4
OSNet28 94. 8 84.9 88.6 73.5
Ours 95.1 86. 3 86.9 76. 4
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Table 2 Ablation experiment results on Market-1501 dataset

Method Multi-scale Multrv Weight Rank-1/% mAP/%
granularity loss
ResNet-50 - - — 90. 8 80. 1
N - - 92.5 82.5
- NA - 94.3 85.4
— — N 91.9 80. 7
Ours N N N 95.1 86.3

TE N 7R U T AR R AR M — 7 R A 8 A B A R

# 3 DukeMTMC-RelD 4 I 114 il 52 56 1) 45 5

Table 3 Ablation experiment results on DukeMTMC-RelD dataset
Method Multi-scale Multrv Weight Rank-1/% mAP/%
granularity loss
ResNet-50 - - — 83.3 69. 8
N - — 85. 1 72.7
- N - 86.3 75.7
— — N 84.2 70.8
Ours </ v </ 86. 9 76. 4
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Table 4 Experimental results of different structures on

Market-1501 dataset

CHLAL . 0D
architecture Rank-1 mAP
ResNet-34 86.5 73.4
ResNet-50 90.8 80.1
ResNet-101 86.7 74.6

Scalar-2 91.5 81.3
Scalar-4 91.6 81.9
Scalar-3 92.5 82.5
Stripel-2-4 94.6 85.8
Stripel-3-4 94.2 85.6
Stripel-2-3 94.7 85.8
Ours 95.1 86.3

EE AN 208 JIVE 2 G | R NN E 7S PO
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g, ot Time 37m 32 W — Tk & 5 e 46 2 i wh ], 7T LR
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JH R AE AR IO 145 A0 T 0. 28 ms (9. 46 %), S AT A

AR T LT AR 2 FPN $RAE il A A5 Al S (9 . 5 0 23 B At B
B4R Rt A A 25 R S HR R
K5 BB AN Y

Table 5 Comparison of parameter,calculation and time

Method GPU Params/M FLOPs/G Time/ms
ResNet-50 RTX2080 24.03 6.18 2.96
Ours RTX2080 24.42 6.33 3.24
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