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Attention and feature fusion for aircraft target detection in

optical remote sensing images
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(1. School of Physics and Electronic and Electrical Engineering ,» Ningxia University ,
Yinchuan 750021, China ;
2. Ningxia Key Laboratory of Desert Information Intelligent Perception ,
Yinchuan 750021, China)

Abstract: Optical remote sensing images are affected by the complexity of the background and the
large amount of semantic information, and there are still certain deficiencies in detection accuracy and
efficiency. This paper proposes an SSD300 network model based on Resnet50 for feature extraction,
adding the attention mechanism CBAM module and feature fusion FPN module, and adopting the
Soft-NMS strategy to select the final prediction frame to detect aircraft targets in remote sensing ima-

ges more effectively. Finally, training on 2 150 aircraft remote sensing image data sets, when the loU
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is 0.5 and 0.75, the average accuracy MAP reaches 92.54 % and 63.44% , which are 5.04% and 11.38%
higher than the previous algorithm model, and the detection speed reaches 13.4 FPS. Experimental re-
sults show that this method can effectively improve the detection ability of objects and quickly and ac-

curately detect aircraft objects in the airport area, effectively reducing the missed detection rate of air-

craft objects and improving detection accuracy and speed.

Key words: remote sensing image; target detection; attention mechanism; feature fusion
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Tab.2 Comparison of results of different detection methods
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CBAM+ S 55 HiE LY 441 Resenet50_SSD 88.73 54.93
CBAMSoft-NMS Resenet50_SSD 88.07 54.17
SAF Bl A Resenet50_SSD 91.89 62.08
CBAM -+ H#1iF @il & Resenet50_SSD 91.65 61.28
CBAM+ 555 4E L ] + Soft-NMS Resenet50_SSD 88.71 54.28
CBAM+ S5 56 HE L A1) + REAE il 5 Resenet50_SSD 91.69 62.07
CBAM+ S B8 4E Eb 151] + Soft- NMS - 4 fiF Bl 5 Resenet50_SSD 92.54 63.44

SLEGAE SRR A CBAM, Soft-NMS  ## /i
il K ] 2 f 6 A ey %) S R AR T A SR B A T LA
resnet50 N H T M 4% i) SSD # &Y, 7 ToU (Inter-
section over Union) {8 F 0.5 BY1F Ot T A M %% R
B 5.04%,10U K 0.75 Bf 5 #] 11.38% , X} T
ARl AW B I ML, #E ToU R 0.5 B R B
0.08% ,Io0U K 0.75 B 42 FF 1.57% ; % J1 Soft-
NMS & ¥ 7E ToU K 0.5 B4 TF 1.15% . ToU Ky
0. 75 BF T 1.67 %0 ; i 4% S5 55 4 L 9], 76 ToU
0.5 F11 0. 75 B 43 4 T+ 1.31% . 1.45% ; F# 1iF 4 F
B mlA Jr ROR 53 5 ¢ T 4.3926.10.02%, 1R
H db AR )22 ] 0 B Rl IR 4R = T 4 A A T
K EE
45 HEEBNWNEIWELERSW

B 9 Ff 78 S SSD300, YOLOV3, Faster-
RCNN DL J g i SSD P #5507 43 3l 48 18 J8% K]
B B R EE A I ZR 1 000 IR A AE FE S4B X 1

Bl 23 iX 4 Rl 25 BIRLIZR 1 000 W Y H
TN B A E T L

WE 10 FiR, 10 () N JF G EHR , Bk A N [H)
TIN5 09 B B Google earth M2 3% B K4

1.0
0.91
0.8+ ——Faster-RCNN
——SSD300
0.77 —YOLOV3
0.6 — 4 SSD
< 05
g0
0.4+
0.34
0.21
0.14
0.0 T T T T
0 200 400 600 800 1000

Epoch
9 4 b B A G I B v AR AR 0 A RS X LE
Fig.9  Comparison of detection accuracy of four

target detection algorithm models
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Tab.3 Comparison of accuracy results of different models

Method Backbone MAP@0.5/ % MAP@0.75/ % FPS/({rame » s ')
YOLOV3 DarkNet-53 40.19 21.8
Faster-RCNN VGG_16 59.91 4.3
SSD300 VGG_16 52.06 24.6
Sk SSD ResNet50 62.11 24.1
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Fig.11 Experimental comparison test in complex environment
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