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Detection and spatial location of wind turbine blades
based on lightweight YOLOVS

BAI Jianpeng, WANG Wei, CHEN Yuxi, JIAO Songming

(Department of Automation, North China Electric Power University, Baoding 071003, China)

Abstract: The application of unmanned aerial vehicles (UAVs) for autonomous inspection of wind turbines requires
precise positioning of the paddle blade tips, but the detection efficiency of conventional target detection algorithms is
low due to the limited computing power of the onboard computer. Therefore, a method of the blade and spatial location
detection of wind turbines based on lightweight YOLOVS is proposed. Initially, the YOLOvVS target detection algorithm
is lightly improved using ShuffleNetv2 as the feature extraction backbone network. The algorithm is then used to detect
the hub and blades of the turbine in the panoramic image to obtain the pixel coordinates of the hub and blade tips. Fi-
nally, the UAV positional information and geometric relationship between the spatial planes are used to accurately loc-
ate the wind turbine blades. The tests show that the improved target detection algorithm with 1.536 x 106 parameters on
the DJI MANIFOLD2-C improves detection speed by 47%, up to 29.4 f/s. The designed positioning method can accur-
ately locate the tips of wind turbine blades with both horizontal and height positioning errors of £5 cm and a three-di-
mensional overall positioning error of £10 cm.

Keywords: wind turbine; unmanned aerial vehicle; object detection; YOLOVS; lightweight; deep learning; blade tip; ac-

curate positioning
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Table 2 Comparison of results based on an input image size of 640x640 for lightweight target detection
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