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GeoAl—The Evolution from Geospatial Information to Geospatiotemporal Intelligence

Wanglin Yan

This article provides a systematic understanding of the cutting-edge discipline of GeoAl through a
comprehensive literature review. GeoAl is an emerging interdisciplinary field at the intersection of
Geographic Information Systems (GIS), Artificial Intelligence (AI), and Geospatiotemporal Big Data (GBD).
GIS has benefited significantly from the rapid advancement of Al, particularly through the integration of
sophisticated Al algorithms into geospatial processing. As Al continues to evolve—especially with the
emergence of Generative Al powered by high-performance computing and Large Language Models
(LLMs)—there is an increasing need for the explicit handling of geospatial intelligence. This shift highlights
the evolution of GeoAl from geospatial information to geospatiotemporal intelligence. It presents a valuable
opportunity for GIS researchers to lead in Al innovation and contribute to addressing complex global
challenges.

Keywords: FFZE[# € 77— ¥ (Geospatiotemporal Big Data), G ZE[#] %€ 7 /L(GeoFM), H13% 2
7 7 (Knowledge Graph), FZZ[E]ZE16E7(Geospatiotemporal Intelligence Science)
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multi-temporal foundation model for earth observation applications
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Fig. 4: (a) Classification and (b) segmentation examples in the GEO-Bench datasets [5]. Fig. 7: Locations of burn intensity dataset used in training, testing and validation.
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