23 5 5 M OO NI Vol. 23 No.5
2022 4F 10 A JOURNAL OF AIR FORCE ENGINEERING UNIVERSITY Oct. 2022

S ZREFTEAMNE LSTM 8917 AE IR F

ARE . FOAL RET R OE FRE, Y
Q. ZETHRKEFEES SR UL ,710077 ;2. B BEPE 4 BB, P54 ,710054;
3. BV A5 B AL TRERF ST B, 15 4, 710061 5 4. fili 2345 434 . Jt 5, 100000)

WE KREFINATOAZERNAR . GANEZREFZNHAGERZWEN LT HTLIREFERK
T AARRATEINANEEF WG R EE., BRET —HETSEblock W2 R E#E#H TR
N R A B, 4 A ResNets0 B R WA M AR B R FA T N m LSTM W43 — FRBAFAFH ET
XER . ERBGHAMEHGEERTENRERE NN BRI EGTARFMEN X EE & EEHRKEX
HEZTABEABE AT X BRLAEBLERNENEEA EHAGBGEFERTETEFZARE  F—FR
FHEA R R EH ., FTR HE A Market1501 3 % fn CUHKO3 £ 2 Al AT LR AR FLHT
FEMEENEREEZHAATUR, A H—FRIEEERER, AEEHATHB LT, DL IE &8 5oy A
MLERERXUAIRBE T ET AL TATAERI,

KER FEHIWNHERBLEREL T AETRI;EE¥3;LSTM

DOI  10.3969/]. issn. 2097-1915. 2022. 05. 011

hESEE TP391 XEERER A XEHE  2097-1915(2022)05-0071-06

A Pedestrian Re-ID with Multi-Scale Attention and Bidirectional LSTM

YAN Haolei', LI Xiaochun', ZHANG Renfei’ ,ZHANG Lei*, QIU Langbo’, WANG Zhe"
(1. Information and Navigation School, Air Foree Engineering University, Xi’an 710077,China;
2. People’s Armed Police of Shaanxi Province, Xi’an 710054 ,China;

3. Shaanxi Information Engineering Research Institute, Xi’an 710061, China;

4. Army Equipment Department,Beijing 100000, China)

Abstract With the rapid development of the information society, taking video sensors as the front-end for
acquiring information is of great significance in effectively finding specific objects through pedestrian re-i-
dentification algorithms to protect people’s lives and property. This paper applies deep learning to the field
of person re-identification, and embeds the multi-scale attention fusion module into the neural network for
multi-scale feature extraction and representation, effectively improving the recognition performance of the
attention mechanism for deep learning networks. The paper proposes a multi-scale channel attention fusion
module based on SE block in combination with the ResNet50 convolutional neural network to extract fea-
tures, further extract the feature sequence context information through the bidirectional LSTM network,

and improve the model’s ability to extract important image features. At the same time, the attention to re-
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dundant features of images is reduced. Finally, the network model is jointly trained by the cascaded hard-

sampling triplet loss function and the cross-entropy loss function, clustering the samples in the high-di-

mensional feature space, and further improving the model recognition accuracy. Market1501 dataset and

CUHKO03 dataset are tested by the proposed algorithm respectively, and compared with other attention

module algorithms under the same conditions. In order to further verify the function of each module, an

ablation experiment is performed by the algorithm to verify the effectiveness of each module. The experi-

mental results show that the proposed method can be effectively applied to person re-identification.
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