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Objects Detection from High-Resolution Remote Sensing Imagery Using
Training-Optimized YOLOv3 Network

Yang Yun, Li Longwei*, Gao Siyan, Bai Han, Jiang Wancheng
School of Geological Engineering and Surveying and Mapping, Chang’an University, Xi’an, Shaanxi 710054, China

Abstract The traditional YOLOv3 model uses ImageNet and COCO datasets for training, in which the scene target
characteristics are significantly different from those in test datasets, and leads to low detection accuracy of complex
scene targets in high-resolution remote-sensing images. This paper optimizes the training process of the traditional
YOLOv3 network using the idea of transfer learning. During the training of the YOLOv3 network, the model is
pre-trained by generating an augmented dataset similar to the target domain. The training-optimized method
improves the accuracy of the object boundary of target prediction. Also, the parameters of the pre-training model
are fine-tuned using a training dataset from the target domain, thus, completing the whole training process of the
network. The experiment on the detection of three types of object, including aircraft, playground, overpass, was
carried out based on a subset of RSOD &. DIOR dataset for remote sensing image object detection. The results show
that the proposed YOLOv3 model effectively improves the detection accuracy of the three types of targets in
complex urban scenes. The mean average precision of object detection using our model improved by 2% or more,
compared with the traditional YOLOv3 model.
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Fig. 1 Principle of YOLO model for object detection
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Fig. 2 Our optimized YOLOv3 model training flowchart
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Fig. 4 RSOD dataset augmentation processing. (a)Image flipping along X axis; (b)image cropping; (c¢) image rotation;

(d) image saturation adjustment
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Table 1 YOLOvV3 model object detection result before and after optimization
Detection number of traditional model Detection number of optimized model
Scene
Aircraft Overpass Playground Aircraft Overpass Playground
Aircraft 350 7 5 390 7 6
Overpass 16 170 4 18 172 3
Playground 14 10 160 15 11 162
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Table 2 Evaluation results using the traditional and optimized YOLOv3 models

Traditional YOLOv3 model

Our optimized YOLOv3 model

Parameter
Aircraft Overpass Playground Aircraft Overpass Playground
Precision 0.921 0.909 0.947 0.924 0.907 0.947
Recall 0.737 0.739 0.762 0. 821 0.748 0.771
P, 0.819 0. 815 0. 844 0. 869 0. 820 0. 850
mAP 0. 826 0. 846
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