HTENMRARSARE

COMPUTER TECHNOLOGY AND DEVELOPMENT Feb. 2021

Vol.31 No.2

ETHREMKZEERG= THIT AR

RHA, 2 Lo, 30k R AR
(FHAEKXSE a8 F TRSLR, LA F& 266061)

B RBAEEE T X T A T R BEARWAR =, SR LA P 15 B AR &, 0 IR B S i &g 2
FEARILTT 5CF , BAT K 28 AT 2 28 HEA TR AR RN R, TR 10 JE 20 000 206 AR fg Aty L=, 38 T P 2 45 AR
R BT T R, RO T 075 s 2 AR B B R T — A i o A B T 4 1 AT AU AR A (PRM -
ICN) , i W 46 REA% SE A AU IS /0 B 24 15 5o h 285 B T4, S288 7 TensorFlow HESE T i F =AM Br 0 44 HLA — &
JE ()25 138 FH 805 5 CUHKO1 ,CUHKO3 Fl Market—1501 _F JE4TB63IE , F-45 45 4 5 PRM - AlexNet fll PRM-VGG-16 F4~
ER AT ANBUN P HIRT LY, 2025 SRR ITE = AR b i it i I8 RL7E CMC [IhZEF1 MAP $8 45 T #0208 T 4L
TR 2 UER] T AR AR AR B2 2 5 T FUNRCR I Dbt
KR KB ; IR ) e 45 47 AU ; TensorFlow
hE 45 2S . TP391.9 XERFRIZAS A

doi:10. 3969/]. issn. 1673-629X. 2021.02. 014

XEHS:1673-629X(2021)02-0075-05

Pedestrian Recognition in Complex Scenes Based on Capsule Network
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Abstract : In the context of big data,the demand for pedestrian detection is constantly increasing. However, the information in the video is
getting more and more abundant,and the scenes acquired in the video are also becoming more and more complicated. Under such back-
ground , convolutional neural network is mostly used for recognition at present,but the recognition rate is not high. Based on the original
capsule network model, two convolutional layers are added and the capsule dimension is extended. At the same time, according to
dynamic routing iteration algorithm,a pedestrian recognition model based on the improved capsule network (PRM-ICN) is proposed,
which can more effectively reduce the interference of redundant information in the complex background. The experiments are verified
under the TensorFlow framework using three publicly available datasets CUHKO1, CUHKO3 and Market - 1501, and the results are
compared with two famous pedestrian recognition networks, PRM—-AlexNet and PRM-VGG-16. Experiment shows that on the three data
sets, the proposed network model is greater than another two networks under the CMC curve and the MAP index, which proves its
superiority in complex scene recognition.
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