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Skip Feature Pyramid Based Domain Adapted
Model for Object Detection

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

Abstract; In order to solve the problem that the detection performance of the deep object detection model drops significantly when the
feature distribution differ greatly between training data and testing data, and when objects vary in size, a skip feature pyramid based
domain adapted model for remote sensing image object detection is proposed. Firstly,the domain adaptation part is added into the object
detection network. Regarding training data as the source domain and testing data as the target domain and focusing on their differences,
the network can extract robust deep convolution features for both source and target domains with different feature distributions, through
the adversarial training. This reduces the influence of the deviation between source and target domain image due to different illumination
and angle in image acquisition,and improves the generalization of the model. Secondly,a skip feature pyramid structure is proposed to
enhance the detail information and semantic information of the feature map by feature upsample ,connection and jump connection between
the same layer and the nonadjacent layer,and feature fusion,so as to improve the detection accuracy for different scale objects. Finally,
the region proposal network is used to extract candidate regions on multiple feature maps with different resolutions to detect targets of
different scales. The experimental results show that the detection accuracy on the NWPUVHR-10 dataset is 98. 2% , the false detection
rate is 5.4 % ,and the missed detection rate is 8.3% . The accuracy on the RSOD-DATA low-brightness dataset reaches 62% ,and the
false detection rate and missed detection rate are 18.2% and 18.5% respectively. Compared with the other models, the performance of
the proposed model has improved significantly with better generalization.

Key words :remote sensing image ; object detection ; feature pyramid ;skip connection;domain adaptation
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