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Intelligent Processing of Remote Sensing Big Data:
Status and Challenges

Song Weijing', Liu Peng', Wang Lizhe', Lii Ke?

(1. Institute of Remote Sensing and Digital Earth, Chinese Academy of Sciences, Beijing 100094, China;
2. College of Engineering & Information Technology, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: With the development of remote sensing technology, the spatial resolution, the temporal resolu-

tion, the spectral resolution and the radiometric resolution of remote sensing data becomes higher, meanwhile the

amount of data is becoming lager. This paper focuses on the new challenges brought by remote sensing big data to

the traditional large remote sensing data processing. Firstly, this article discusses the external features and the in-

ternal features of remote sensing big data from the perspective of information processing. External features include

massive, heterogeneous, multi-source and internal features are high-dimensional, multi-scale, and non-stationary.

Secondly, we analyze the research status and problems of large data sparse representation, data mining and

knowledge discovery. Finally, we discuss the remote sensing big data intelligent processing problems. As a typical

representative of the science of big data, remote sensing big data is still in its infancy; therefore, there are many

issues to be studied.

Keywords: remote sensing big data; intelligent processing; sparse representation; data mining;

knowledge discovery



