20245
B 5 H & F435

DOI:10. 19652/j. cnki. femt. 2305783

y LN
ndl

55 H

HEF M1t CBAM B i# ResNet50 f R &
THIRAFE"

Q. BERRATRFRAMT LT RER BE 710300 2 BLTRA¥RFHEFRE B% 710600)

W OE A B R P ER ORI AR R AT AR MRS . A TR R G R E ARE NS
AR [R) R, 4 8 T — o 58 R 8 DL R 4 SR RHAE A B LG 1 5 F AT IR IR ICBAM-ResNet50, f£ UTI #l CASIA 7 4%k
PRAE LEAT S50 25 R R BRI 5 1 ResNet50 BRI YERR 43 4R = T 7% 8%, ICBAM 5] A —4E & 1 i s
CBAM 3 38 7 & 7 9 MLP #2406t J5 38 A st 8] 435 iF 4 & 39 30 38 # R 445 b, 2 i 7 3E 4k B i T & 8 A 3 7= AR 19 208 {5 B,
28 HL AR]85 R 51 B 28 1 3 ) HL il 3 CBAM. i (1 B — 2 (] B 7 AL, o 38t s B i b 28 RAEBE ) . d )5 KAk 1Y
CBAM #i3e# A B ResNet50 v, 38 it £ ImageNet % H 47 B 25, 76 W5 A4 He ol 8008 41 D s/ 43 35 8 T 98. 806 Ml
97. 9V M MER R . o FIAE [R] A 5000 48 o 52 00 45 SR 5 TR LR TR T AT T B e, 45 R S W TS B A T B A 1 LAt Oy 1k

X EIF AT NI CBAM; VE &= S HLH ; ResNet50

FES %S TP391 XERFRIZAD : A E Rt EFERFENKEG: 510.4

Improved abnormal behavior recognition method of ResNet50
based on optimized CBAM
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Abstract: In automatic video surveillance applications, accurately identifying abnormal human behavior is a very difficult
task. To solve the problem of efficient recognition of abnormal human activities in the monitoring system, an abnormal
behavior recognition model ICBAM-ResNet50 that strengthens the fusion of local and global feature information is
proposed. Experiments are carried out on the UTI and CASIA datasets, and the results show that the accuracy of the
study is 7% and 8% higher than that of the ResNet50 model, respectively. The ICBAM module introduces one-
dimensional convolution to replace the MLP operation of channel attention in the original CBAM. integrating local
temporal features into channel descriptors. Which alleviates the problem of ignoring information interaction caused by
global processing in the channel dimension. Secondly, the spatiotemporal attention mechanism is introduced to replace
the single spatial attention mechanism in CBAM to improve the spatiotemporal representation ability of the model.
Finally, the optimized CBAM module is embedded in ResNet50, and by pre-training it on ImageNet, the model achieves
98.8% and 97. 9% accuracy on two benchmark datasets, respectively. Using the same dataset, the experimental results
are compared with the original recognition method, and the results show that the model is superior to the other methods
compared.
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Fig. 4 The overall architecture of the ICBAM-ResNet50 network
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