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Enhanced CycleGAN network for generating dangerous driving scenarios
CHEN Yongsheng, LI Xing
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Abstract: Simulating hazardous driving scenarios in autonomous driving research is expensive and time—consuming. To mitigate
these experimental costs, this paper explores the possibility of using virtual scenarios to replace certain real —world settings for
corresponding experiments, specifically through the generation of hazardous driving scenarios using models. For this purpose, this
study employs Generative Adversarial Networks (GANs) as the primary image generation model. GANSs often face the challenge of
gradient vanishing when training the discriminator, leading to unstable training processes, consequently, impacting the quality of the
generated images. To address this challenge, this paper proposes an improved model, termed uvCycleGAN. This model combines
an advanced Vision Transformer with a U-Net architecture, with the objective of substantially enhancing the quality and realism of
images generated for hazardous driving situations. To assess the effectiveness of the generated dataset, the model’s performance is
analyzed using the fast—mot algorithm within the mot trackeval detection framework. Experimental findings indicate that the
uvCycleGAN model substantially surpasses the traditional CycleGAN in performance on both the open KITTI dataset and the
specialized hazardous scenario dataset, RADIATE. This emphasizes its potential and relevance in generating scenarios for
autonomous driving.
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