Fi1E FoW S S TEAN ) Vol.51,No. 9
2021 4E9 f LASER & INFRARED September 2021

STEHE . 1001-5078 (2021)09-1178-07 - U BEREEA -

BT I E ResNet-18 {21 7RG AR
17 R0 T R AR

A& B #® LK OB R R PTRL RS
(1. RIS BT SRR SR DS 8 T 0% VDY 1 330063
2 LRI R 2 Z M 50614 -0178)

B B ARTHRAEZLEY X EB A REAEFHSZABRAAELZNHRE LA
ZWMRANE, B TAMEEEAZRBEE A R RAEFE, AT EE N AR
AHRINT % ZE NS FHRE AXEE T AT A KA W20 5ME B HATE S UG8 AL
B oM st R KRR, M ResNet-18 WA MR B A th7, £ LLEGRA E—F%
PR, A LA ER R A R R o A SUARYE 4 50 B (o M, A HE AT AR B2 ok« 6 6, A
BHERDIRAMEN, FHTXT HER, HBERENRLRA ER EERAMMAE FHHA, 2
RERFRGE %G, FINE BRI R S E R Z 55, 5 5§ Bt CBAM #3545 & 3t 7%
ZSAATHRAL, TG 0 P28 % A 1 SR P4 B9 AR AR I RE 7 o LI 25 R K W, Bkt ResNet-
18 W 25 R 7l 15 5] 99. 96 % , 1B T 1% 45 i1 ResNet-18 [ 2% , T FL oA B 4% F 25 T 20 4h B 1R oy
Pl %

KEEIA : ARAT R A5 Bt ResNe-18 [ 2% s 21 4h %5 & 2 7% 2 25 4 s Tk CBAM A 3k

1 E 43S TP391. 4;TN219 X EkFRIRAD: A DOI :10. 3969/]. issn. 1001-5078.2021. 09. 011

Research on human behavior recognition method in infrared

image based on improved ResNet-18

ZHOU Xiao-hui' , YU Lei' ,HE Xi',CHEN Han' ,NIE Hong”,OU Qiao-feng' , XIONG Bang-shu'
(1. Key Laboratory of Image Processing and Pattern Recognition of Jiangxi Province,
Nanchang Hangkong University , Nanchang 330063 , China
2. Department of Technology , University of Northern Towa, Towa 50614 — 0178 ,USA)

Abstract : Human behavior recognition is widely applied in safety monitoring, security monitoring , smart home , etc. and
proves to be of great research significance in these areas. The recognition method of human behavior based on infrared
information has attracted the attention of scholars at home and abroad because infrared information is barely influenced
by illumination and able to protect users’ privacy. In this paper an infrared image data set is constructed by sequential
frame stitching of infrared information with seven behavior categories. The traditional ResNet-18 network which works

perfectly on visible image recognition has poor performance on infrared image recognition. In this paper, corresponding
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improvements are made according to the characteristics of infrared images. First,a multi-branch isomorphic structure is

established to replace 7 x7 convolution, which increases the expressive ability of the network. Second , maximum poo-

ling is combined with average pooling to avoid useful information lost. Finally,the multiple residual structures are con-

structed by introducing asymmetric convolution block and combining with the improved CBAM module to optimize the

residual block,then increase the network diversity and enhance the feature extraction ability of the network. The exper-

imental results show that the recognition rate of the improved ResNet-18 network is 99.96 % , which is higher than

that of the original ResNet-18 network as well as other networks based on infrared images.

Keywords : human behavior recognition; improved ResNet-18 network; infrared images; multiple residual structure;

improved CBAM module
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Fig. 1 System structure diagram
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Fig. 2 Schematic diagram of mosaic image
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Fig. 3 Improve ResNet-18 network structure
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Tab. 1 Improve ResNet-18 network related parameters
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Tab. 4 Comparison of network experiment results
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