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Non-intrusive offshore platform load monitoring based on graph-based semi-supervised
learning and generalized regression neural networks

ZHANG An’an', ZHUANG Jingtai', GUO Hongding”, QU Guanglong', ZHOU Zhitong'
(1. Southwest Petroleum University, Chengdu 610500, China; 2. XJ Times Technology Company, Xuchang 461000, China)

Abstract: The offshore platform microgrid has a complex environment, it requires high automation and intelligence. At
present, there is a lack of real-time intelligent monitoring and management methods for its load. From the perspective of
Non-Intrusive Load Monitoring (NILM), considering the economic requirements and the special industrial environment of
the offshore platform, this paper proposes a non-intrusive offshore platform load monitoring method based on
Graph-Based Semi-Supervised Learning (GBSSL) algorithm and Generalized Regression Neural Networks (GRNN).
GBSSL algorithm is used to automatically mark the training data set, which reduces the workload of manual labeling data
and enables the system to automatically complete the data labeling. Compared with semi-supervised clustering algorithm,
it shows that GBSSL has higher accuracy rate for labeling data. The strong nonlinear classification ability of generalized
regressive neural networks is used to improve the recognition accuracy and reduce the computational complexity of load
recognition. The simulation results of Matlab/Simulink show that the proposed load identification algorithm not only
reduces manual intervention but also has high precision recognition rate.
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