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Multi scale cross attention improved method of single unmanned
aerial vehicle for ground camouflage target detection and localization

Sun Bei,Dang Zhaoyang, Wu Peng, Yuan Shudong, Guo Runze
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410072, China)

Abstract: To enhance the detection ability of unmanned aerial vehicles (UAV) in ground camouflage targets, this article proposes a
multi-scale cross attention improved single machine ground camouflage target detection and localization method. Firstly, a multi-scale
cross attention module is designed to enhance cross attention based on the original multi-scale pyramid. The ability to distinguish the
boundaries of camouflaged targets is enhanced. Secondly, an open-source drone target detection and positioning system is established,
which integrates data such as drone carrier positioning modules, inertial navigation sensors, and optoelectronic pods to calculate the
spatial position of the target image after obtaining its position. Finally, a jungle camouflage dataset is constructed and validated through
relevant experiments. The results show that the method has a ground target detection accuracy mAP of 70.2% in typical camouflage
scenarios, which is 5.7% higher than before improvement. It can effectively output the azimuth distance between the target and the
UAV, and the average operating efficiency of the algorithm can reach 29. 4 fps, which can meet the real-time requirement of UAV ground
target detection and positioning.
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Fig. 1 Typical application scenarios of UAV
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Fig. 2 Target detection data in different scenarios
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Fig.3 Public drone target detection datasets
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Fig. 4 UAV ground camouflage target detection platform
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(b) Improved FPN structure with multi-scale cross attention
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Table 1 Comparison experiments added to different

locations
AR AP.5 AP.75  AP.5:..95 AR.5:.95
J A= ) 2% 0. 645 0.374 0.362 0.427
Btk 1 0. 687 0.476 0.426 0. 467
Bk 2 0. 691 0. 543 0. 457 0. 490
Bk 3 0.702 0.561 0. 460 0. 491
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Fig. 15 AP.5 output at different epoch stages
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Table 2 Comparison of detection results at different scales
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(a) SENet embedding method  (b) SPNet embedding method
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Fig. 16  Different attention module embedding methods
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Table 3 Comparison of different attention modules

i i) AP@0.5 AP@0.75 AP@0.5:0.95 AR@0.5:0.95

AP AR

A

1
LS

N HRE RRE NUEZ S PRUE RRE

JRAEMLZS  0.221  0.335  0.465  0.270 0.399 0.514
B 1 0.282 0.409 0.523  0.305 0.442  0.558
i 2 0.291 0.436  0.557  0.312 0.469  0.581

WHE3  0.292  0.441  0.557 0.310  0.469  0.582
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Fig. 17 Detailed comparison indicators for different methods
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Fig. 18 Experimental drone and camouflage target setting
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(a) The adopted open-source
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Table 4 Analysis of UAV positioning results m
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13. 34 17.02 18.58 1.56 (c) Detection result at 7, (d) Detection result at 7',
13.37 11,40 13.10 1.30 10 HE AL RS 5
13.65 9.84 8.51 1.33 Fig. 19  Real time location results of single drone
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