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Fig.1 SAR image object detection framework 
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Fig.2 Knowledge transfer network  
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Fig.3 Line 1 is the optical remote sensing image samples in SEN1-2, line 2 is the SAR image samples in SEN1-2, line 3 is the 

simulated image samples of line 1 generated by the knowledge transfer network 

        

        
 

4 1 ҹ DIORᾣ Ἕ ᶛ̆ 2 ҹ Ἕ ᶛ 

Fig.4 Line 1 is DIOR optical images samples, Line 2 is the simulated images samples of line 1 generated by the knowledge 

transfer network 

     

     

     
5 SSDD ᶛ̆ 1 ҹ ̆ 2 ҹֽᶏ YOLOv3 ̆ 3 ҹᶏ Ȃ 

Fig.5 Examples on SSDD test set, line 1 is ground truth, line 2 is the detection results of only using YOLOv3, line 3 is the 

detection results of using our method. 



Journal of Remote Sensing  ỵḙἵ  2021, XX(X) 

     

     

     
6 Air -Sar-Ship1.0 ҉ ԅѿ֓ ᶛ̆ 1 ҹ ̆ 2 ҹֽᶏ YOLOv3 ̆ 3 ҹ

ᶏ Ȃ 

Fig.6 Selected examples on Air -Sar-Ship1.0 test set, line 1 is ground truth, line 2 is the detection results of only using 

YOLOv3, line 3 is the detection results of using our method. 
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Table3 Detection performance of the ship detection net-

work trained with different proportions of SSDD   

 Ἕ DIOR Ἕ  DIOR  None 

70% 97.50% 96.12% 95.52% 95.69% 

50% 96.84% 95.33% 95.37% 94.82% 

30% 96.21% 93.92% 94.89% 91.50% 

20% 94.69% 93.60% 93.29% 86.74% 

10% 91.14% 90.39% 90.29% 68.53% 




