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Object detection network with task dynamic-aligned for UAVs

WANG Dianwei, FENG Mengyuan, FANG Jie, LI Yuanqging, Al Da

(School of Communications and Information Engineering, Xi’an University of Posts and

Telecommunications, Xi’an 710121, China)

Abstract; Most unmanned aerial vehicle (UAV) target detection models achieve classification and
localization through two parallel branches. The lack of interaction between tasks leads to spatial
misalignment of predictions, and the large-size model does not meet the demand for fast detection
of UAV scenes. To address the above problems, a lightweight detection model based on task dy-
namic-aligned is proposed. Firstly, a task dynamic-aligned detection head is constructed to unify
the optimal anchor points for localization and classification through edge and category alignment;
next, an efficient feature extraction module is designed to reduce model inference time; finally, a
scale-based feature screening pyramid network is constructed to strategically fuse multi-scale fea-
tures, and a dataset is created to validate the generalization of the proposed method. The results
on the VisDrone2019-test dataset show that the proposed model size is reduced by 43. 1%, the
computational resources are reduced by 14. 2 %, and the average accuracy mAP50 is improved by
8.5% compared to YOLOvS8s, which achieves a balance between performance and resource con-
sumption in object detection in UAV aerial images.

Keywords: object detection; unmanned aerial vehicle aerial images; YOLOvVS; task dynamic-a-

ligned detection head; effective feature extraction module
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