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Motivation — Although nuclear power is reliable, it remains
costly due to high operations and maintenance spending
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Approach — Using reinforcement learning techniques, we can evaluate
multiple decisions for several components over time

Reinforcement Learning
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Reward, 1341
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DRL Strengths:

* Long forecast horizons

* Uncertainty and partial observability
« Large action and decision spaces

« Multi-agent cooperation
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Approach — We need a framework for assessing risk and forecasting

decision-making for better asset management
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Approach — We need a framework for assessing risk and forecasting
decision-making for better asset management
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Approach — We need a framework for assessing risk and forecasting
decision-making for better asset management

Reliability and Decision Modeling
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Approach — We need a framework for assessing risk and forecasting
decision-making for better asset management

Reliability and Decision Modeling

Stochastic Degradation Process Partially Observable Markov Decision Process
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Environment — To test the reinforcement learning algorithm, we created an
environment with one degrading component with inventory management
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Training — The agent was successfully trained to make maintenance

and inventory decisions, minimizing overall lifecycle costs

Observation
|
v v
Actor Critic
n(als) V™(s)
Hyperparameters
Parameter Value
Algorithm A2C
Network Actor-Critic
Layers 2
Neurons/Layer 300
Discount Factor 0.999
Learning Rate 0.001
Optimizer Adam
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Results — Using the trained agent, we can evaluate its actions and effect on
expected lifetime O&M costs
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Results — The trained agent was simulated for 60 years and lowered

lifecycle costs when compared to time-based strategies
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Uncertainty — By adding observation noise, we can test the agent’s
performance with partial observability and uncertainty

DRL Agent Decision Making with Added Sensor Uncertainty
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Conclusion — By using deep reinforcement learning, we can create optimal

policies that are robust to uncertainty
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