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Sensing Images
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Abstract Search and recognition of targets by using unmanned aerial vehicle depend on the speed and accuracy of
target detection algorithms. Aiming at the complex network structure of classic target detection algorithms, high
computer performance requirements and slow target detection speed, a real-time detection method based on an
improved lightweight detection model (Tiny YOLO-V3) is proposed. First, a new network structure is proposed as
the backbone network, compressing the maximum number of channels to 128, further reducing the time complexity
and space complexity of the model. Secondly, the single detection head combined with context information is used to
enhance the detection ability of targets of different sizes, and the detection speed can be improved while the detection
accuracy is maintained. Finally, the remote sensing dataset of Wuhan University is used to carry out the
experiment. The experimental results show that the improved model has a significant increase in detection speed,
while the accuracy has increased by 0.22.

Key words machine vision; target detection; unmanned aerial vehicle; convolutional neural network; real-time
detection; lightweight
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Fig. 4 Improved detection head structure
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Fig. 5 Partial sample images in dataset. (a) Aircraft; (b) oiltank; (c) flyover; (d) playground
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Table 1 Number of partitions in dataset
Dataset Aircraft  Oiltank Flyover Playground
Training set 390 136 141 130
Test set 56 29 35 19
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Table 3 mAP values of Tiny YOLO-V3 and improved model

AP
Model mAP
Aircraft Oil Flyover Playground
Tiny YOLO-V3 0. 608 0.397 0. 007 0.023 0.253
Improved model 0.635 0.431 0.012 0.022 0.275
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Fig. 9 Partial test results of different models. (a) Tiny YOLO - V3; (b) test results of improved model; (c¢) dataset labels
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Table 4 Complexity and frame rate of different models

Time Space
Model FPS

complexity  complexity

Tiny YOLO-V3 2767598080 59176252 1.83

Improved model 423320000 19023708 3.01
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