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Abstract

The stable operation of meteorological equipment is crucial for aviation safety and efficiency, but
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traditional maintenance models face challenges such as equipment aging, reliance on manual expe-
rience, and insufficient integration of multi-source data. This study proposes an intelligent mainte-
nance solution based on Hadoop and Spark technologies: efficient data collection and real-time syn-
chronization are achieved through modular sensor networking, edge computing nodes, and Kafka
message queues; data cleaning and standardization are completed using the 3¢ criterion, sliding
window algorithm, interpolation method, and NTP protocol; equipment health indicators and time-
series features are extracted from raw data, and an LSTM fault prediction model is trained via Spark
MLIib in combination with environmental variables; finally, maintenance decision optimization is
realized through dynamic early warning thresholds, intelligent work order generation, and 3D sit-
uation visualization. The research results significantly improve maintenance efficiency and accu-
racy, and future optimization can be further enhanced by integrating edge computing and cross-
domain data fusion technologies.
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Figure 1. Overall system framework
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Figure 2. Data processing flowchart
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