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Study on DCGAN Model Improvement and SAR Images Generation
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Abstract This paper proposes a method of generating SAR images based on the improved DCGAN. This method improves DC-
GAN,adopts the model structure of multi-generator versus single discriminator,and uses the algorithm to control the average im-
age quality generated by each generator. In order to test and verify multiple similar image recognition software and select the best
one, testers need to design the images that are different from those used in training to test the testing software. This method can
provide a fair set of benchmarks for selective testing. Respectively in the experiments, based on the original DCGAN model and
the improved DCGAN model, target images and the images are generated,and the public discriminator is used to verify the quality
of the new images generated by the two models. The experimental results show that the improved DCGAN model generates better
images than the original DCGAN model,and the new SAR images have the same quality and better diversity as the original SAR

images.and they can meet the needs of software selective testing.

Keywords Software optimization,Generative adversarial network, Automatic image generation, Image recognition, Image quality
detection
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Table 2 Summary of number of target images of each model

Target Pitching Angle

'I‘yie Model 15° 17° : 35“ 45°
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Table 3 Summary of number of images in each scene
PUBLIC_Clutter Number
Plain 2339
Mountain 1224
Forest 1031
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Fig.5 Discriminator and generator loss rate
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Fig. 6 Comparison of new scene images generated by two models
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Table 4 Comparison of experimental results

Probability of
Input Image

Discriminant
Images Generated by Improved DCGAN 0.5195
Original SAR Image 0.5136
Images Generated by DCGAN 0.5427
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