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Fig.1 Diagram of different learning strategies. (a) Few-shot Learning, (b) Traditional Machine-Learning.
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Fig.6 The compared results of different methods under variable tasks (FMFI method is more stable, has fewer errors and the

error is not as obvious in the graph).
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Table 3 Test accuracy of different methods under variable tasks

Task
TO T1 T2 T3
Method
CNN 75.03% + 3.84% 87.83% £ 2.74%  88.89% £ 3.47% 72.67% £ 6.76%
FMFT 1-shot 95.32% + 0.16% 99.35% + 0.05% 98.01% 4+ 0.10% 96.22% =+ 0.21%
FMFT 5-shot 98.30% + 0.04% 99.74% 4+ 0.03% 99.14% 4+ 0.04% 98.80% =+ 0.06%
5 4518 % EHRR R TR, SRR T T RA
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Research on Fault Identification Method of Elevation Bearing for
Large Aperture Radio Telescope Based on Meta Learning

ZHU Jin-hao'? XU Qian'®*  XUE Fei’? HE Fei-long!?  LIANG Juan’? XU Duo-xiang!*?

(1 Xinjiang Astronomical Observatory, Chinese Academy of Sciences, Urumgi 830011)
(2 University of Chinese Academy of Sciences, Beijing 100049)
(8 Key Laboratory of Radio Astronomy, Chinese Academy of Sciences, Urumqi 830011)
(4 Xingiang Key Laboratory of Radio Astrophysics, Urumqi 830011)

AsstracT The prolonged operation of the large aperture radio telescope will lead to slight distortion
of elevation axis, increasing the risk of fatigue of the rolling bearing which is the core component of the
elevation axis. This can lead to a decline in the bearing life and the pointing accuracy of the telescope,
which will greatly affect the telescope’s high performance service. Investigating the fault identification
method for the elevation bearing can provide an important support for the high-performance operation
of the telescope antenna. In this paper, a few-shot meta-learning fault identification (FMFI) method
based on meta-learning is proposed in order to achieve accurate fault identification of elevation bearing
under limited data and complex working conditions. The raw signals of different working conditions are
first converted to time-frequency images data and then randomly sampled for different learning tasks
according to the meta-learning protocol. Under limited sample data condition, the FMFI method can
obtain universal prior knowledge from the sample in the training task to achieve accurate and fast fault
identification in unknown testing tasks. The variable load bearing data set which is similar to the working
condition of telescope elevation bearing is selected for experiment, and the experimental results show that
the FMFIT method is high accurate and reliable, providing strong technical support for the operation,
maintenance, and high-quality service of large aperture radio telescope.

Key words telescope, instrumentation: elevation bearing, methods: data analysis, methods: pattern
recognition
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