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Research on Intelligent Control System for Large Astronomical
Optical Telescope

CAI Jing-yi'? XU Ling-zhe'? YANG Shi-hai'? NI Wei-jian® HU Tian-zhu'?
WANG Huai-qing!? CUI Xiang-qun'?
(1 Nangjing Institute of Astronomical Optics & Technology, Chinese Academy of Sciences, Nanjing 210042)
(2 Key Laboratory of Astronomical Optics & Technology, Nanjing Institute of Astronomical Optics € Technology, Chinese Academy of Sciences,
Nanging 210042)
(8 College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266510)

AsstracT Due to its high complexity and multiple influencing factors, traditional automatic control
technology is difficult to ensure the autonomous, reliable, and efficient operation of large astronomical
optical telescopes. Therefore, there is an urgent need to improve the reliability and observation quality
of telescopes. This study constructs a control system supported by a new generation of artificial
intelligence technology through the organic integration of deep learning, intelligent agents, and other
technologies. With the support of an artificial intelligence software experimental platform, the
development of two application control systems, reliability management and observation quality
optimization, has been achieved. These two application systems will run on historical data from
LAMOST (Large Sky Area Multi-Object Fiber Spectroscopic Telescope) and be validated and evaluated
through simulation. The research results will provide pioneering research for the intelligent development
of existing and next-generation telescope control systems in China.

Key words instrumentation: telescope control systems, methods: reliability management, methods:
optimization of observation quality, techniques: artificial intelligence
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