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Fig. 3  Construction process of general knowledge graph
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Fig. 9 The classification and estimates of shadows and elevations on the UCM dataset
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Fig. 10 Construction process of oil spill monitoring knowledge graph
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Fig. 11 Oil spill monitoring knowledge graph
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Table 5 Grading rules and SWRL description of slopes
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Fig. 13 Ontological reasoning and evaluation of the Hangzhou Bay region
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Remote sensing knowledge graph construction and its application in
typical scenarios

ZHANG Yongjun, WANG Fei, LI Yansheng, OUYANG Song, WEI Dong, LIU Xiaojian,
KONG Deyu, CHEN Ruixian, ZHANG Bin

School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China

Abstract: Compared with the current powerful acquisition capabilities of remote sensing data, its intelligent processing and knowledge
service capabilities are relatively lagging. The contradiction between the accumulation of massive multisource remote sensing data and the
limited information island is becoming increasingly prominent. Therefore, there is an urgent need for effective remote sensing domain
knowledge modeling technology to assist in mining the useful information of remote sensing big data and form knowledge service
capabilities. A Knowledge Graph (KG) describes the concepts and their relationships in the physical world in symbolic form. It has strong
knowledge modeling and reasoning capabilities and has been successfully applied in search engines, e-commerce, social network analysis
and other fields. Inspired by the general KGs, this paper conceives of establishing a remote sensing domain KG for the first time, which can
provide support for knowledge modeling and knowledge services in the remote sensing field.

First, this paper reviews the development history of general KGs. Second, it discusses the technologies of constructing remote sensing
KGs. Compared with general KGs, remote sensing KGs are oriented to the field of remote sensing geosciences. They have significant
disciplinary characteristics and spatiotemporal graph characteristics in terms of graph nodes, graph relationships and graph reasoning.
Specific performances are as follows: (1) Images are an important part of remote sensing, which play an irreplaceable role and are ignored
by general KGs. (2) Remote sensing knowledge is oriented to spatial entities. In addition to semantic relationships, the description of entity
relationships also requires spatial and temporal relationships. (3) Traditional logical reasoning and natural language processing learning
reasoning cannot effectively deal with image entities and spatial relationships. To solve the above problems, this paper draws on the
construction scheme of the general KG and related domain KG and proposes the basic construction process of the remote sensing KG.

Third, it introduces typical geoscience application cases driven by remote sensing KGs, which include three cases: (1) Marine oil spill
monitoring. Marine oil spill KG is used for oil pollution identification, cause reasoning, and spill risk assessment, etc. (2) Land cover
classification. Coupling remote sensing KG reasoning and deep learning for land cover classification. Numerous experiments have proven
that KG can improve the classification results. (3) Evaluation of the carrying capacity of resources and the environment and suitability of
land and space development. Ontology can not only express the knowledge system of evaluation in a standardized manner but also infer the
evaluation results based on the constructed knowledge. Finally, it analyzes the application status and future research directions of remote
sensing KGs. This paper points out four feasible and important research directions: (1) Exploring the theories and methods of creating
multimodal remote sensing KGs; (2) Cooperative update and alignment fusion of remote sensing KGs; (3) Intelligent remote sensing image
classification based on remote sensing KG representation learning; and (4) Scientific decision support analysis assisted by remote sensing
KGs.

Generally, the research of remote sensing KGs is conducive to better summarizing the conceptual knowledge of remote sensing,
managing the new knowledge contained in remote sensing big data, and providing flexible and convenient remote sensing knowledge query
and service capabilities to users in multiple fields, and it will help comprehensively improve the application capabilities of massive
multisource remote sensing observation results and will play an important role in the study of global remote sensing land cover
classification, climate change, international humanitarian assistance, and so on.

Key words: remote sensing knowledge graph, knowledge graph application, artificial intelligence, knowledge service, representation
learning, domain knowledge modeling
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