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Background/Motivation Project Overview
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* Plant maintenance is not risk-informed and is often periodic Shifting to a risk-informed predictive maintenance strategy will reduce
\ and labor-intensive ) inancial risk and overall operations and maintenance cost y
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Research Approach
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Using recurrent event analysis, we can fit a mean cumulative intensity
Acceleration sensors were placed on the circulating water system curve to the data to find the expected number of events, given the age
pumps and motors to collect vibration data for condition monitoring. of the pump and effectiveness of maintenance.
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Using deep reinforcement learning, we can solve for the optimal policy
Once the reliability model is created, we can integrate decisions, cost, approximation using neural networks. Once solved, this allows for real-
and sensor observations into a Markov decision process where we can time decision making that balances the cost of maintenance,
\simulate decision making and test maintenance policies. downtime, and financial risk. y
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45001 ] * Once the neural network was trained to approximate the optimal
4000 [ ) maintenance policy, it was compared to time-based maintenance
= 3500 - strategies using Monte Carlo simulations.
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management using condition monitoring estimates.
* Integrating condition monitoring and decision-making will allow for
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