254 T . — Vol.25, No.7
e mH B B ® F
202347 H Jul., 2023

Journal of Geo-information Science

g1 M 2 5RIG, XA, T RE IR, 25 R AN W B S 9o O BILA 2% >3 % HL A 3t B 2 (1A R v (4 F 5 1 55 (V] S Bk 5 Sk 2 5441, 2023,2.5(7): 1297 -
1311. [Zhang T, Liu R Y, Wang P X, et al. Physics-informed machine learning and its research prospects in GeoAlI[J]. Journal of Geo-
information Science, 2023,25(7):1297-1311. ] DOI:10.12082/dgxxkx.2023.220795

k MU ACE L EERLEEMS L AL TEH
1 IR 22 B A S TR R T S0 3, BRI 4300795 2. BB Rt 40 Tl ool ik 15 s PR3 B R kil A-1040

Physics-informed Machine Learning and Its Research Prospects in GeoAl
ZHANG Tong", LIU Renyu', WANG Peixiao', GAO Chulin', LIU Jie' , WANG Wangshu’

1. State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing Science, Wuhan University,
Wuhan 430079, China; 2. Department of Geodesy and Geoinformation, TU Wien, Vienna A-1040, Austria

Abstract: Scientists still cannot fully understand and explain many complex physical phenomena and dynamic
systems, which cannot be described by deterministic mathematic equations and be analyzed and predicted
through compact physical mechanistic models. With the ever- increasing of observational data, data- driven
machine learning methods can effectively describe many complex non-linear phenomena. Nevertheless, pure
data- driven models still have shortcomings in representation, interpretation, generalization capabilities, and
sample efficiency. Conventional machine learning methods are confronted with challenges brought by
spatiotemporal heterogeneity and sample sparsity. Recently, Physics- Informed Machine Learning (PIML) can
effectively leverage observation data to describe and analyze dynamical systems when physical principles are
uncertain. PIML has gain wide attention and been extensively applied in physics, computer science, biology,
medical science, and geosciences. In recent years, artificial intelligence and machine learning technologies have
been widely applied in geography, especially in GIScience and remote sensing, attracting wide research interests
of geographers. This line of research is termed GeoAl and has become a cutting- edge research frontier in
geography. PIML methods integrate the ideas of model- driven and data- driven methods, introducing new
research paradigms for GeoAl and improving the description and prediction of complex geographical
phenomena. This survey first summarizes recent progress in this domain from the perspectives of the
representation of physical priors and the integration of physical priors in machine learning methods. Physical
prior refers to existing independent knowledge that is already available before building machine learning models.

This survey reviews the representation of physical priors from the aspects of augmented data and customized
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features, physical laws and constraints, governing equations as well as geometric properties. We also review how
physical priors are integrated into various machine learning models, including constraint modeling, auxiliary task
design as well as model training and inference. Based on the PIML survey framework, we explore the
relationships between spatiotemporal priors and other physical priors, before briefly reviewing and summarizing
typical case studies of spatiotemporal prior-informed GeoAl research. We also discuss the research agenda and
future prospects of spatiotemporal prior representation and the spatiotemporal prior- informed GeoAl in the
context of geo-machine learning and GeoAl frontiers. In light of fast progress of PIML, we contend that GeoAl
studies that are well informed by spatiotemporal priors can gradually establish a generic geographical
representation, analysis, prediction, and interpretation framework, which not only helps handle many classical
problems in GIScience but also addresses future profound challenges of human being by encouraging
geographers to explore more research opportunities when collaborating with researchers from other disciplines.
Key words: PIML; physical priors; machine learning; deep learning; spatiotemporal priors; spatio-temporal rep-
resentation; Geospatial Intelligence; Geographic Information Science
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