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Knowledge and Data Driven Remote Sensing Image Interpretation :
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Abstract: Knowledge and data are the two main elements that have characterized the development of remote sensing image interpretation

for decades. With the continuous enrichment of sensor platforms and rapid breakthroughs in deep learning, big data, multi-modal, and long

time-series methodologies, data-driven intelligent remote sensing image interpretation has become a hot research direction in recent years.

However, in the deepening and expanding research and applications, the limitations of data-driven methods such as difficult reuse between

different scenarios, strong training sample dependence, and weak interpretability are beginning to emerge. Various types of knowledge

accumulated in the long-term remote sensing image interpretation practice have the characteristics of objective reality, certainty, scene
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adaptability, interpretability, etc., which can be complemented with data-driven approaches, and the dual-driven of knowledge and data is
becoming a new direction of remote sensing image interpretation. This paper first reviews the major stages in the dev ment of remote

sensing image interpretation and the r jve roles of knowledge and data in each of these stages. Then f knowledge
involved in remote sensin 1mﬁ@m retation are summarized and categorized into fourteen types Tusion e and deep
learning is an 1mp0rt ®0 achieve the dual-drive of knowledge and data, and this pa and fifteen
subcategorl &nd deep neural network fusion methods with relevant cases. 1@9 ct k wledge types, this
paper lﬁ oVifles an overview of existing applications of remote sensing interpretation with jo _] and data. The effectiveness

Lﬁpa ility increment of fusing knowledge and data is demonstrated by the analyses of t p%ﬂ amples Lastly, this paper gives a

systematic prospect on the framework and key techniques for knowledge and data compmg n remote sensing image interpretation.
Key words: remote sensing image interpretation, knowledge driven, data drlvenS al intelligence, knowledge graphs, deep learning,
natural resources, review
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