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Abstract

To address the issues of delayed risk perception, lack of data-driven support for operation and
maintenance decisions, and the inability of static thresholds to capture early-stage weak degrada-
tion in chemical rotating equipment under high-temperature, high-pressure, and continuous pro-
duction conditions, this paper proposes a data-driven mechanism for dynamic risk early warning
and precise management and control, with a mechanism-data hybrid-driven fault diagnosis as its
technical core. Centered on online vibration monitoring and integrating multi-source operational
data, the mechanism establishes a closed-loop framework of “perception-diagnosis-early warning-
control-feedback”. In the feature extraction stage, an optimized strategy of “mechanism-informed
frequency band guidance + envelope demodulation” is proposed, which utilizes fault characteristic
frequencies as prior knowledge to achieve adaptive frequency band focusing, thereby suppressing
strong background noise and process disturbances. In the diagnosis stage, a dual-channel model is
constructed, in which a mechanism-based model and a machine learning model operate in parallel
and are integrated through evidence-weighted fusion, thereby reconciling the detection rate of
early-stage weak faults with the interpretability of diagnostic conclusions. On this basis, dynamic
risk grading and early warning are accomplished, with warning information linked to fault causes,
remaining useful life prediction, and graded maintenance recommendations, thus enabling the
transition from passive maintenance to active pre-control and precise management. Validation us-
ing measured data from 572 key equipment units and 1,463 measurement points at a large chemical
enterprise demonstrates that the fault diagnosis accuracy improved from a baseline of 76.2% to
93.8%, the average advance time of early warning increased from less than 24 hours to approxi-
mately 168 hours, the unplanned downtime rate was reduced by 62.5%, and the annual mainte-
nance cost decreased by 28.4%. This research provides a replicable methodology and quantitative
basis for the predictive maintenance of process industry equipment.
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Figure 1. The “Perception-Feature-Diagnosis-Alerting-Feedback” closed-loop workflow
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Table 1. Common mechanical fault types of rotating machinery
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Figure 2. Intelligent high-speed data acquisition module and temperature/vibration sensor
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Figure 3. Flowchart of the optimized feature extraction process based on “mechanism frequency band guidance + envelope
demodulation”
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Table 2. Main symbol definitions for characteristic frequency calculation
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Figure 4. Effect of sub-band focusing and envelope demodulation (simulated outer-race fault)
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Figure 6. Vibration trend, time-domain waveform and envelope spectrum (core analysis section)
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Figure 7. Intelligent diagnostic result (core analysis section)
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