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Abstract

Based on the YOLOv8s object detection algorithm, an improved algorithm for object detection in
military aircraft remote sensing images is proposed. Firstly, the Mixup data augmentation method
is introduced; secondly, the network structure is modified to reduce the number of channels in the
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last output feature map of the backbone network to 256; then, an improved SimAM attention
mechanism is integrated into the backbone network; finally, an improved NWD loss is used as the
position loss function. The improved algorithm has increased the mAP50 on the MAR20 and NWPU
VHR-10 datasets by 4.3% and 2.2% respectively compared to YOLOv8s, verifying the effectiveness
of the improved algorithm.
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Figure 1. Improved YOLOVS8 network structure
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Figure 2. ShuffleSimAM module
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Table 1. Experimental results of MAR20 dataset
F# 1. MAR20 HiREE LI AR
(ERPRIR=R mMAP50:95 (%) mMAP50 (%) mAP75 (%) ZHE(M) FLOPs (G)
L EE 66.1 87.6 82.9 11.143 14.292
Mixup 68.1 90.5 85.5 11.143 14.292
B FE T ML 66.6 88.4 83.7 6.732 12.448
NWD 66.1 88.4 82.6 11.143 14.292
a-NWD 66.6 89.1 83.4 11.143 14.292
SimAM 66.8 89.0 83.4 11.143 14.292
ShuffleSimAM 68.0 89.8 85.2 11.143 14.292
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Table 2. Experimental results of NWPU VHR-10 dataset
# 2. NWPU VHR-10 SLI845 R

RPN
LA
oAt ) 50

mAp50:95 (%)
56.3
56.9

mAP50 (%)
88.9
91.1

MAP75 (%)
65.8
62.7

SHE(M)
11.139
6.728

FLOPs (G)
14.281
12.437

200
175
150
125
100

75

50

25

0 2500 5000 7500

iter

Figure 3. Loss changing on MAR20
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Figure 4. Loss changing on NWPU VHR-10
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Figure 5. Detection result of the YOLOV8s algorithm
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Figure 6. Detection result of the improved YOLOv8s algorithm
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Table 3. Comparison experiment results of MAR20 dataset
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YOLOvV6s 81.7 746 17.196 21.895
YOLOXs 90.2 79.0 8.945 13.339
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