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Fig.1 The structure of the Faster-RCNN framework
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Fig.3 A combination of Faster-RCNN and ResNet50
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Fig.4 The improved feature extraction network
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Fig.5 The sample of experimental data sets
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Table2 Comparison of cross-validation detection results on UCAS-AOD data set
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Fig.6 The comparison of detection results on UCAS-AOD data set
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Table3 Comparison of aircraft detection results

6 J5 1k MR HEE S AP (0.50)
Faster-RCNN+VGG 92.8 94.1 89.3
Faster-RCNN- ResNet50 93.2 94.9 92.6
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Fig.7 The detection results on NWPU VHR-10 data set
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Aircraft Detection in Remote Sensing Image based on Optimized
Faster—-RCNN

Lin Na'?,Feng Lirong',Zhang Xiaoqing'
(1.School of Civil Engineering , Chongging Jiaotong University, Chongqing 400074, China;
2.Chongqing Geomatics and Remote Sensing Application Center, Chongqing 401147, China)

Abstract: To address the problem that traditional aircraft detection methods have low detection accuracy on re-
mote sensing images with complex backgrounds and dense targets, an improved remote sensing image aircraft
target detection algorithm based on Faster-RCNN (Faster-Regions with Convolutional Neural Network) is
proposed. ResNet50 is used as the basic feature extraction network of the algorithm, and the dilated bottlenecks
are introduced for multi-layer feature fusion to construct a new feature extraction network, which improve the
feature extraction capability of the algorithm. First, the cross—validation training method is used on the UCAS-
AOD data set to verify the stability of the model on different training sets and test sets, and compare the detec-
tion performance of different algorithms. Then, comparative experiment is conducted on the NWPU VHR-10
data set to verify the generalization of the model. Experimental results showed that: The average precision of
the proposed algorithm is 97.1% on the UCAS-AOD data set and 96.2% on the NWPU VHR-10 data set.
The study indicated that the proposed algorithm in this paper can not only improve the detection accuracy of air-
craft in remote sensing images, but also have a stronger generalization, which has certain reference significance
to the rapid detection of aircraft in remote sensing images.

Key words: Deep learning; Remote sensing image ; Object detection ; Feature fusion;Dilated bottleneck



