o W & # R
ELECTRONIC MEASUREMENT TECHNOLOGY

20234 8 A

DOI:10. 19651/j. cnki. emt. 2211618

EF Bt YOLOX B0 #3038 5 B i A

A B 4o kAL
(FRZMFRETFELLIBEFR R 404100)

A OE: @RGSR E, AR N AR R B R 4 T B B R A R B R A R R T — A
F e YOLOX B9 B AR 535 , 7 YOLOX Ry R I, 1 5878 3 T R4 o A e B 00 HL i B2 190 2% %o 3 iR AR v /s
H A B BT BE 7 5 £ 810 UE B R FEFR AR sl &340 in A MSCE-R £ KRB i B il & B, 38 0 il & AS A R SH 9
HE B Uk /> e Je VL 4 R A R 7 A S ) MR A0 {5 B A ks B JE i 51 A CloU 451 2% ki 50 B 19X 45 g skt B 0 3
T SERT M TR . AR SO R R ARG I 55 95 72 RSOD 3 B BIUHE 4 #E A7 S5 56 . S G I v T R o 95. 12 %0 M TR K
HE ) YOLOX A MRS IR T 8. 69% . SEI A5 SR , 7 48 Oy s BA5 8 1 M 48 TS /o

XKEEE: FEAUH YOLOX /NE IR FHFIER &

HESES: TP751.1 XEARIRA: A ERfREERSERED: 510.4

Aerial remote sensing image detection model based on improved YOLOX

Zuo Lu Zhu Chunhui
(College of Electronics and Information Engineering, Chongging Three Gorges College, Chongqing 404100, China)

Niu Xiaowei

Abstract: Aiming at the problem ol low target detection accuracy caused by numerous small targets in remote sensing
images, drastic changes in target scales and complex backgrounds, a target detection algorithm based on improved
YOLOX is proposed. On the basis of YOLOX, firstly, an attention mechanism is added to the backbone network to
improve the network's ability to perceive small targets in remote sensing images and enrich the semantic information;
secondly, the feature fusion part is added to the MSCE-R multi-scale information fusion module in the feature fusion
part to reduce the loss of image detail information caused by scale changes in remote sensing images through feature
maps of different sizes; finally, the convergence speed of the network is accelerated by introducing CIoU loss function
to make it meet the demand of real-time. In this paper, the proposed detection algorithm is experimented on the RSOD

remote sensing dataset, and the average detection accuracy is 95.12%, which is 8.69% higher than that of the
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unimproved YOLOX. The experimental results prove that the proposed method has higher detection accuracy.
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