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Abstract

This paper proposes a novel generative adversarial network (GAN)-based image inpainting model
for street view images, aiming to leverage semantic information to enhance inpainting quality. The
model effectively extracts and processes different categories of semantic information, integrating
them into the inpainting process to guide the generator in producing more realistic and semantically
consistent results. Experimental results on street view datasets demonstrate that, compared to tra-
ditional methods, our proposed model generates more natural and visually appealing inpainted
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images. It accurately restores the contours, textures, and colors of objects such as vehicles, roads,
and buildings, effectively eliminating the visual abruptness caused by missing parts and signifi-
cantly improving the overall image quality. In the future, we plan to extend the application of this
model to face images and other types of scenes to improve the generalization ability and inpainting
performance of image inpainting models, enabling them to better address diverse image inpainting
needs across various scenarios.
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Figure 1. The overall architecture of the semantic inpainting model
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Figure 2. The overall architecture of the generative inpainting model
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Figure 3. The visualization effect of semantic extraction module
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Figure 4. Validation results of the proposed model
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