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Abstract: With the increasingly widespread application of drones, target detection technology in drone application scenarios has important ap-
plication value and urgent application needs in many fields. In the scene of real-time detection of drone edge devices, due to the presence of a
large number of weak target instances in the high—resolution images of drones, the image resolution will be directly reduced, resulting in the
loss of weak targets. Therefore, it is crucial to maintain high—resolution information when inputting into the network. To achieve this, high-res-
olution images are cut into multiple image blocks and used as network inputs to maintain network accuracy while enabling them to run on edge
intelligent devices. At the same time, in order to accelerate the model inference speed, group convolution and channel shuffling strategies are
used to lightweight design the backbone network of the detection algorithm, and channel attention mechanism is used to improve network accu-
racy. The experiment shows that compared to YOLOvS5, the proposed method improves accuracy by 2% and 4% on the unmanned aerial vehi-
cle dataset VisDrone and the self built dataset OUC-UAV-DET, respectively, and reduces inference speed by 1 ms on the Nvidia hardware
(Xavier). At the network pruning level, combining specific datasets for channel pruning of detection models can reduce inference speed by 2

ms while maintaining algorithm accuracy. In addition, for the single category detection task of unmanned aerial vehicles, optimizing the output
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part based on the relatively fixed size of the target instance can reduce the number of model parameters by 30%, resulting in a maximum reduc-

tion of 2 ms in inference speed.

Key Words: unmanned aerial vehicle; high resolution images; object detection; lightweight network ; network pruning; model deployment
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Fig. 1 Overall structure of the network
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Fig. 2 Fcous module
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Fig. 4 Visualization results of feature maps
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Table 2 Model evaluation on the VisDrone dataset
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R 24 5 mAP@50/%  mAP@50:95/% i 4L /ms
YOLOv6n!" 39.7 203 6.0
YOLOv7~tiny' 2"} 413 229 5.8
YOLOv5n 423 213 2.8
Ours 429 235 2.1

Table 3 Ablation experiments
*3 HRAXI

eSE sE PAN mAP/% i 42 /ms
Concat 20.7 2.1
ADD 20.4 2.0
N Concat 23.6 25
J ADD 234 22
N ADD 235 2.1

Table 4 Channel pruning results on the OUC-UAV-DET dataset
%4 OUC-UAV-DET HiFHBEHKRER

YR mAP@50/% mAP@50:95/% i #E /ms
0 72.5 474 12
0.50 70.4 455 5.3
0.60 69.3 439 4.5
0.65 56.2 30.9 43
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Table 5 Comparison of vehicle detection using different output layers

x5 EFNERFRELE]RE

itk Hit)Z  mAP@50/% mAP@50:95/%  H}4E/ms
VisDrone P3+P4+P5 87.0 62.7 7.2
VisDrone P3+P4 87.2 63.1 6.7
VisDrone P3 87.6 63.0 5.6
OUC-UAV-DET P3+P4+P5 95.6 70.8 7.3
OUC-UAV-DET P3+P4 95.7 71.3 6.7
OUC-UAV-DET P3 95.4 71.6 5.6
Table 6 Model performance on Jetson platform
36 Jetson FEERIERE
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VS [ it 4L /ms
50/% 95/%
OUC-UAV-DET YOLOvS5s 66.3 43.9 9.1
OUC-UAV-DET YOLOvSn 61.7 36.3 7.3
OUC-UAV-DET Ours 65.2 41.4 5.7
VisDrone YOLOv5n 419 21.1 6.2
VisDrone YOLOv6n 39.1 19.7 6.5
VisDrone YOLOv7-tiny 41.6 22.6 8.4
VisDrone Ours 422 23.1 5.7

Table 7 Inference speed of the model on Jetson platform (high—-reso-
lution image cropping)
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AL i} 22 /ms FPS
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YOLOv5n 176 5.7
Ours 163 6.1
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