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UAV images recognition technology based on target detection model
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[ Abstract] YOLOVS5 has high target detection speed and detection accuracy, but it is not very effective in detecting small targets in
UAYV images. In order to solve the problems of low detection accuracy and poor robustness of small targets in natural environment,
this paper takes UAV images in natural environment as the research object, and proposes an improved YOLOv5 small target
detection model. By adding up—sampling processing to the feature map, the feature map continues to expand, thereby reducing the
sampling rate and the receptive field, and improving the model’s ability to detect small targets. The improved model is trained and
tested on the VisDrone dataset of UAV images. The experimental results show that the average accuracy of the improved YOLOVS
algorithm is 46.4%. Compared with the original YOLOvS model, the average accuracy is increased by 14.9%. The improved
YOLOVS can improve the YOLOvS5 UAV images recognition rate to a certain extent.
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Fig. 2 YOLOVS effect display
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Tab. 1 YOLOVS5 effect display

Model size APval APtest AP50 Speedv100 /ms  FPSv100 params /M GFLOPS
YOLOv5s 640 36.8 36.8 55.6 2.2 455 7.3 17.0
YOLOvSm 640 44.5 44.5 63.1 2.9 345 21.4 51.3
YOLOvSI1 640 48.1 48.1 66.4 3.8 264 47.0 115.4
YOLOv5x 640 50.1 50.1 68.7 6.0 167 87.7 218.8
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Fig. 3 Visualization results of the dataset
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Tab. 2 Experimental environmental parameters
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Tab. 3 Results evaluation of VisDrone data set

Hir YOLOvSs—  YOLOv5s— i3 it
T AP MAP YOLOv5s—  YOLOvS5s—
AP MAP
prdestrian 0.353 0.315 0.545 0.464
people 0.276 0.315 0.419 0.464
bicycle 0.095 0.315 0.231 0.464
car 0.714 0.315 0.840 0.464
van 0.361 0.315 0.493 0.464
truck 0.295 0.315 0.437 0.464
tricycle 0.185 0.315 0.356 0.464
awning—tricycle 0.097 0.315 0.168 0.464
bus 0.418 0.315 0.624 0.464
motor 0.359 0.315 0.523 0.464
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Fig. 6 Improved YOLOVSs test results
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