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Improved lightweight military aircraft detection algorithm for
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Abstract: Aiming at the large model parameters and slow detection speed encountered by current lightweight target detection
algorithms when applied to the task of detecting military aircraft in remote sensing images, this study proposes a lightweight
detection algorithm for military aircraft targets based on YOLOv8n, named LeYOLO-MARs. The algorithm introduces an
optimized inverted bottleneck module to replace the traditional bottleneck in the backbone network, reducing computational
requirements while maintaining feature extraction capabilities and improving processing speed. In the neck network, a fast
pyramid architecture is integrated to reduce the number of convolutional layers, enhance the efficiency of semantic information
sharing, and decrease lock and wait times, while also considering limited parallelization opportunities and architectural
complexity. A lightweight decoupled detection head, simplified through pointwise convolution, is employed, alongside the use
of Inner-SloU as the new localization regression loss function, which enhances the ability to learn from small target samples
and accelerates the convergence of bounding box regression. Moreover, the algorithm incorporates a lightweight pyramid
compression attention mechanism, effectively combining local and global attention to establish long-range channel
dependencies. Experimental results demonstrate that the improved algorithm achieves a detection accuracy of 95.7%, 0.4%
higher than the baseline model, while reducing model parameters by 43% and computational load by 63 % , marking a notable
improvement in detection performance compared to mainstream algorithms and enabling high-quality real-time detection of
military aircraft targets.

Keywords: object detection;military aircraft; YOLOvS8;inverted bottleneck;attention module;feature pyramid network
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Table 1 YOLOVS parameters for different sizes

Bl W i JE He K3 T 5K
YOLOv8n 0. 33 0. 25 1024
YOLOv8s 0. 33 0. 50 1024
YOLOv8m 0.67 0.75 768
YOLOvSI 1. 00 1. 00 512
YOLOv8x 1. 00 1.25 512
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Fig. 8 Inner-SloU diagram
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Out = Cat([Y,,Y,, .Y, D
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Table 4 Experimental parameter setting
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Table 5 Performance of different attention modules

b Params/M FLOPs/G AP50/%  FPS
Baseline 3.01 8.2 95.3 93
+SKA 8. 63 12.7 96 89
+ Parnet 3.74 8.8 95.7 93
+Double 3.08 8.3 95. 3 96
+PSA 3.45 8.6 95.8 101

A SCH o 22 21 I R S5, Rl MAR20 £ HE 5N
LeYOLO-MARs BRI/ Bk HOR AT T R et gy, 52
WgE R 6 Fian, 2% 6 hRR T LIRS YOLOvS8n FEAY
R AR AT IR BRSO ES . FESCES 2 P AT EGEE R Y ]
BB Im-bottleneck, 45 3 W IZ AR P i F 4R T+ T 4
AR AL ARG . 500 3 51 A DNIN BEodk i i A
BRI S, % L T B RE 22 . SEER 4, A SOl
Inner-SloU £ 0 3 09 [\ 13 51 28 s 40, B n T H A TR
CloU WL, L5 5 % PSA B8 pl 2B 19 &+ ™ 4%
i, DLVEAL 7R 4 A AR AR 2 O T 1Y PR R . SE5 6 3T
fli T Im-bottleneck A1 DNiN & B i K6 1 P4 BE 18 27 & 52 Wil
SCHG 7 A TSI 2.3.4 TISS R, M T Im-bottleneck.
DNIN B8 LL J2 Inner-SloU 45 2% R IO A6 0 14 BE 119 255 &
o 55 PSA BEHAE 5% it AL MR AE S Uy 1 R B T 58
AR, B 5 T AR TR Y R AR RE T

R6 MAR20 HiREEHR LN ER

Table 6

ablation experiment results for the MAR20 dataset

528y Im-bottleneck  DNIiN  Inner-IoU PSA  Params/M  FLOPs/G  AP50/%  BAIR~}F/MB FPS
1 X X X X 3.01 8.2 95. 3 5. 99 93
2 J X X X 1.37 3.8 92. 9 2.98 73
3 X J X X 2.34 5.6 95. 4 5.45 96
4 X X J X 3.01 8.2 95. 6 5.98 98
5 X X X J 3.45 8.6 95. 8 7.16 101
6 NG J X X 1. 09 2.5 93.5 2.45 76
7 N N N X 1. 09 2.5 94. 3 2.46 76
8 N N N/ N 1.71 3.0 95.7 3.65 78
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Fig. 12 Box_loss Comparison
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Table 7 Comparison experiment of different models

RS Params/M FLOPs/G AP50/ % AP50-90/ % FPS
YOLOv8n 3.01 8.2 95.3 72.3 93
YOLOv3-tiny 8.71 13.1 94. 6 69.7 262
YOLOv5n 1.79 4.3 95. 2 71. 6 125
YOLOv5s 7.07 16.1 96. 1 73.4 109
YOLOv7-tiny 6.07 13.3 96. 3 72.8 152
YOLOv10n 2.71 8.4 96. 2 73.2 73
FasterRCNN'™! 40. 8 176 92.5 72.2 —
YOLO-MARM™" — 11.3 91.7 — 147
PETDet"" 46. 8 143 85.9 61.5 —
AR 1.71 3.0 95.7 89.1 78
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Table 8 Experimental result on the DIOR-Plane dataset

. Params/ FLOPs/ AP50/ AP50-90/

ik M G % %
YOLOv8n 3.01 8.2 94. 7 66. 2
YOLOv3-tiny  8.67 13.0 94. 1 62.8
YOLOv5n 1.77 4.2 94. 5 65. 6
YOLOv5s 7.02 15. 9 95. 3 68.0
YOLOv7-tiny 6. 01 13.2 95. 4 68.3
YOLOv10n 2.71 8.4 95. 3 67.8
AL 1.71 3.0 94. 8 66. 7
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Fig. 13 Heat map comparison
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