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generative adversarial dual networks

LIU Shihao, HU Xuemin", JIANG Bohou, ZHANG Ruohan, KONG Li

(School of Computer Science and Information Engineering, Hubei University, Wuhan Hubei 430062, China)

Abstract: To handle the issues of lacking paired training samples and inconsistency between frames in translation from
virtual to real driving scenes, a video translation model based on Generative Adversarial Networks was proposed in this
paper. In order to solve the problem of lacking data samples, the model adopted a “dual networks” architecture, where the
semantic segmentation scene was used as an intermediate transition to build front-part and back-part networks , respectively.
In the front-part network, a convolution network and a deconvolution network were adopted, and the optical flow network was
also used to extract the dynamic information between frames to implement continuous video translation from virtual to
semantic segmentation scenes. In the back-part network, a conditional generative adversarial network was used in which a
generator, an image discriminator and a video discriminator were designed and combined with the optical flow network to
implement continuous video translation from semantic segmentation to real scenes. Data collected from an autonomous
driving simulator and a public data set were used for training and testing. Virtual to real scene translation can be achieved in
a variety of driving scenarios, and the translation effect is significantly better than the comparative algorithms. Experimental
results show that the proposed model can handle the problems of the discontinuity between frames and the ambiguity for
moving obstacles to obtain more continuous videos when applying in various driving scenarios.
video translation; Generative Adversarial Networks (GAN); optical flow network; driving
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Fig. 1 Semantic segmentations of virtual and real scenes
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Fig. 2 Video translation model from virtual to real scenarios
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Fig. 3 Front-part network for video translation
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