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Abstract: [Objectives|] To systematically review recent advancements in text-to-image generation technology
driven by large-scale Al models and explore its potential applications in urban and rural planning. [Discussion]
This study provides a comprehensive review of the development of text-to-image generation technology from the
perspectives of training datasets, model architectures, and evaluation methods, highlighting the key factors
contributing to its success. While this technology has achieved remarkable progress in general computer science,
its application in urban and rural planning remains constrained by several critical challenges. These include the
lack of high-quality domain-specific data, limited controllability and reliability of generated content, and the
absence of constraints informed by geoscience expertise. To address these challenges, this paper proposes several
research strategies, including domain-specific data augmentation techniques, text-to-image generation models
enhanced with spatial information through instruction-based extensions, and locally editable models guided by
induced layouts. Furthermore, through multiple case studies, the paper demonstrates the value and potential of
text-to-image generation technology in facilitating innovative practices in urban and rural planning and design.
[Prospect] With continued technological advancements and interdisciplinary integration, text-to-image
generation technology holds promise as a significant driver of innovation in urban and rural planning and design.
It is expected to support more efficient and intelligent design practices, paving the way for groundbreaking
applications in this field.
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Fig. 2 Two dimensions of the quality of the Text-to-Image training dataset
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