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Abstract

To address the problems of insufficient utilization of multi-source operational data, delayed fault
response, and the lack of condition-driven maintenance scheduling in smart power distribution net-
works, a predictive maintenance method based on a machine learning ensemble model is proposed.
The method first collects sensor data, smart meter data, power line sensor data, historical SCADA
data, real-time monitoring data, raw electrical load data, environmental data, equipment operating-
state data, and component temperature data, and then performs missing-value filling, outlier pro-
cessing, standardization, and normalization. Features related to component temperature, equip-
ment status, and fault classification are extracted, and principal component analysis is adopted to
select key features. On this basis, a machine learning ensemble model is constructed to implement
fault detection, fault classification, component temperature prediction, and abnormal warning. The
model outputs fault types, temperature-deviation judgment results, and maintenance suggestions,
and its performance is evaluated by accuracy, precision, recall, and F1-score. Case results show that
the proposed method can identify potential equipment anomalies and reduce false alarms and
missed detections, providing decision support for maintenance scheduling and condition-based
maintenance of distribution networks.
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Figure 1. Overall framework of the predictive maintenance method
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Figure 2. Process of component temperature prediction and abnormal warning
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Figure 3. Layered architecture of the predictive maintenance system
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Table 2. Simulation environment and dataset parameters
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