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Improved PP-YOLO network for remote sensing image target detection

ZHU Fuzhen*, WANG Shuai ™ , WU Hong"
( " College of Electrical Engineering, Heilongjiang University, Harbin 150080)
( ™ College of Physics and Electronics, Central South University, Changsha 410006 )
Abstract

To improve the accuracy of remote sensing images target detection, an improved PP-YOLO network for remote
sensing image target detection is proposed. In the improved PP-YOLO network, the backbone network structure is
adopted , the detection neck network is improved, and a path communicated from the low-level network to the high-
level network is added between the fourth layer and fifth layer. In this way, features from the low-level network can
be passed to the high-level net, which can improve the accuracy of target detection effectively and ensure the gener-
alization ability of the network. Experiment results show that its mAP is 4. 4% higher than that of the unimproved
net. At the same time, the training strategy of PP-YOLO network is optimized, which is based on the characteristics
of the remote sensing data set. The original Mixup data enhancement algorithm is replaced by CutMix data enhance-
ment algorithm, and the GridMask algorithm is added to enhance the learning of network features. Experiments are

done and the mAP is 89.3% , which improves the accuracy of target instances detection effectively.

Key words: remote sensing image, target detection, PP-YOLO network
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