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Abstract: [Objectives] Forecasting is a key research direction in Geospatial Artificial Intelligence (GeoAl),
playing a central role in integrating surveying, mapping, geographic information technologies, and artificial
intelligence. It drives intelligent innovation and facilitates the application of spatial intelligence technologies
across diverse real-world scenarios. [Progress] This study reviews the historical development of GeoAl-driven
spatiotemporal forecasting, providing an overview of prediction models based on statistical learning, deep
learning, and generative large models. In addition, it explores the mechanisms of spatiotemporal dependence
embedding within these models and decouples general computational operators used for modeling temporal,
spatial, and spatiotemporal relationships. [Prospect] The challenges faced by intelligent prediction models
include sparse labeled data, lack of explainability, limited generalizability, insufficient model compression and
lightweight design, and low model reliability. Furthermore, we discuss and propose four future trends and
research directions for advancing geospatial intelligent prediction technologies: a generalized spatial intelligent
prediction platform incorporating multiple operators, generative prediction models integrating multimodal
knowledge, prior-guided deep learning-based intelligent prediction models, and the expansion of geospatial

intelligent prediction models into deep predictive applications for Earth system analysis.
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Fig. 1 GeoAl-driven spatiotemporal prediction
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Fig. 2 Classification of basic operators in GeoAl-driven spatiotemporal prediction
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Fig. 8 One-dimensional convolutional network operator and its variants
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