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Fusion Features Based Deep Learning Remote Sensing Image
Target Detection Model

ZHANG Yong-fu,SONG Hai-lin,BAN Yue, WANG Xi-li
(School of Computer Science,Shaanxi Normal University ,Xi’ an 710119, China)

Abstract; In order to improve the performance of the object detection model for dense, different sizes targets, especially for small targets,
in remote sensing images, a fusion features based deep learning remote sensing image target detection model is proposed. The model
adopts small-scale network structure aiming at the small labeled sample data sets. The strategy of multi—level feature fusion is proposed
to obtain more effective features, so that the model can improve the detection accuracy for dense and different sizes targets in remote
sensing images without increasing the detection time. A new post—processing algorithm,namely packet fusion reject detection bounding
boxes algorithm,is proposed, which can remove the redundant detection bounding box and fine—tune the position of the detection box,
thus improving the box’ s locating accuracy and further improving the detection accuracy. The experimental results on the UCAS-AOD
and RSOD-Dataset remote sensing datasets for detecting aircraft and vehicle targets show that the proposed model achieves high detection
performance for multi—scale and dense targets on small sample datasets. Compared with Faster R—CNN, it improves the detection
accuracy by 4.2% and 7.3% for plane target,and by 7.9% for car targets,and reduces the missing ratio by 5.91% and false alarm rate
by 2.06% . Compared with the existing models for dense and different sizes targets detection in complex remote sensing image, the
proposed model achieves higher performance due to the feature fusion processing and the detection post—processing algorithm.
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