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Abstract

A YOLOX-based algorithm for remote sensing aircraft target detection is proposed for the problems
of complex background information, small target size, inconspicuous features, and multi-scale in
remote sensing aircraft detection. In this paper, the YOLOX model is used as a benchmark, and
channel attention and spatial attention are added to the residual network, so that the network fo-
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cuses on learning the structure of specific targets in the image and ignores the content details of the
background map, thus improving the accuracy of target detection, and the detection capability of
small targets and the detection accuracy of targets with obscure features; at the same time, atrous
space pyramid pooling (At The difference between ASPP and SPP lies in the fact that ASPP incorpo-
rates cavity convolution with a larger field of perception for the features extracted from the image
and allows the resolution to be aggregated without too much degradation, allowing the aggregation
of multi-scale contextual information and increasing the field of perception to improve the model.
information, increase the perceptual field and improve the model’s ability to detect different sizes
of the same category. The experimental results show that on the RSOD dataset AP@0.5 increased by
1.17%, and on the UCAS-AOD dataset AP@0.5 increased by 1.03%.
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Figure 1. Residual network
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Figure 2. Spatial pyramidal pooling structure
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Figure 3. Channel attention
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Figure 5. Attentional residuals module
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Figure 6. Spatial pyramid pooling module
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Table 1. Comparison of Aircraft ablation experiments in the RSOD dataset

%% 1. RSOD #IBEAFAY Aircraft jHEASCIEXTEE

RS Precision/% Recall/% AP/% F1-Score
YOLOX 94.04 92.44 96.83 0.93
YOLOX + CBAM 94.05 94.16 97.68 0.94
YOLOX + CBAM + ASPP 94.34 95.48 98.00 0.95

Table 2. Comparison of Plane ablation experiments in the UCAS-AOD dataset
% 2. UCAS-AOD H#EE F#Y Plane jHA4SLIEXTEL

Hik Precision/% Recall/% AP/% F1-Score
YOLOX 92.96 92.50 94.90 0.93
YOLOX + CBAM 94.44 92.35 95.27 0.94
YOLOX + CBAM + ASPP 95.42 92.59 95.93 0.94

YOLOX %¥:. YOLOX + CBAM 2 7:F1 YOLOX + CBAM + ASPP £0y:7E MR AE I Hker il &5 5 4n 1=
3 TN . T KHLIBREG s T 227K /NEWZ . B5E BREA L B IR LIRS, AW[15]
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Figure 8. Comparison of precision-recall graphs
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Figure 9. YOLOX YOLOX + CBAM and YOLOX + CBAM + ASPP algorithm test comparison
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