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ABSTRACT

This paper summarizes research that integrates condition monitoring and prognostics with decision-
making for nuclear power plant operations and maintenance. As part of this research, we have de-
veloped an online asset management tool to help reduce life-cycle maintenance and repair costs.
Using the latest advancements in condition monitoring, supply chain analytics, and deep rein-
forcement learning, we have created a predictive maintenance tool that can optimize the mainte-
nance and spare-part management of a repairable nuclear system. To demonstrate these methods,
preliminary studies were conducted on a simple, representative maintenance system undergoing a
stochastic degradation process that requires repairs or replacement to continue operation. Through
Monte Carlo simulations, we were able to reduce maintenance spending by approximately 50%
compared to optimized, time-based maintenance strategies. Not only does the decision maker
reduce the average life-cycle costs, it also minimizes the chance of high cost scenarios, lowering
the variance of the expected cost distributions, and reducing overall financial risk. Furthermore,
this work also studies the ability of the decision maker to handle various levels of noise from
observation uncertainty. By introducing uncertainty into the decision-making process, we have
quantified the robustness and resiliency of the decision maker, as well as identified necessary lev-
els of observability to demonstrate cost effectiveness.

Keywords: Machine Learning, Deep Reinforcement Learning, Operations and Maintenance, De-
cision Making, Nuclear

1. INTRODUCTION

Although nuclear power is one of the most reliable and available forms of energy production, it remains
costly, preventing widespread adoption of the low-carbon energy source. A large part of this cost is due to
high operations and maintenance (O&M) costs associated with maintaining plant structures, systems, and
components. Several plants have reported O&M costs exceeding 50% of yearly operating budgets, while
some have reported amounts as high as 66% [1]. For nuclear power to be a viable and competitive power
generation method, O&M costs must be reduced.

Traditionally, O&M relies on overly conservative time-based schedules, historical data, and expert opinions,
without considering real-time component conditions. Scheduled maintenance is known to be inefficient and
can result in unexpected failures, unnecessary inspections, and overly conservative repairs, the combination
of which contributes to high costs of O&M.
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To combat these challenges, condition monitoring equipment and analytics have been developed to provide
real-time estimates of component health and diagnostics. However, real-time condition monitoring does
not provide decision support and still relies on expert opinion. Further complicating the decision process
is the strict operating requirements and constraints that are unique to the nuclear industry. Challenges such
as refueling outage schedules, costly unplanned shutdowns, supply chain uncertainties, long lead-times for
high-value assets, and the inability to quickly shutdown and restart reactor operations make decision making
for nuclear O&M difficult.

Handling these many risks, various inputs, and constraints is challenging for any experienced nuclear oper-
ator. What is needed is an online decision-support tool that has the ability to manage inventory and optimize
maintenance, given the current conditions and various risks of the plant. Markov Decision Processes (MDP)
and Partially Observable Markov Decision Process (POMDP) have been extensively used in research and
industry to study decision making systems and identify optimal policies [2,3]. However, finding the optimal
policy of an MDP or POMDP remains a challenging problem and is difficult for classical solvers and opti-
mization algorithms. Policy optimization often suffers from the “curse of dimensionality,” where the large
state and action spaces make these problems intractable in size and difficult to solve. Performing exhaus-
tive searches of the possible decision sequences becomes computationally expensive and, for large systems
with many decisions and states, impossible. Advanced tree search algorithms have been used in attempts
to alleviate these issues, but they can still take long amounts of time to solve and have limited performance
with large decision and action spaces.

Further complicating this challenge is the partial observability of condition monitoring estimates. The in-
herent uncertainty when estimating component health makes solving for optimal solutions challenging since
the probabilistic outcome can result in an almost infinite number of possible states. This means that the op-
timal decision sequence involves solving for the optimal solution for the entire distribution or belief of the
actual state. Each possible state in that distribution must be considered the actual state, making the solution
computationally expensive or intractable, even when discretized. Dynamic programming and point-based
solvers have also been used in attempts to alleviate this issue, but still fall short during large branching
factors, constraints, long time horizons, and limited performance when using resource-constrained compu-
tational environments.

The latest advancements in machine learning and artificial intelligence have proven successful in these
difficult environments. The use of neural networks and reinforcement learning combine to create and train
nonlinear function approximations for optimal decision-making. Most notably, the method of reinforcement
learning and neural networks, known as Deep Reinforcement Learning (DRL), have been successfully
paired together in a number of competitive games, such as several Atari games, Go, Starcraft, and Dota
2 [4-6]. Neural networks have overcome several challenges that hindered classic artificial intelligence
(AI) algorithms such as the curse of dimensionality, large decision spaces, uncertainty, and long planning
horizons. These challenges also plague decision making in nuclear plant asset management, making DRL
a suitable algorithm for policy optimization and deployment.

More closely related applications of reinforcement learning applied to inspection and maintenance planning
in various engineering fields have lowered overall lifetime costs by balancing inspections, maintenance, and
risk [7-10]. However, the unique constraints of the nuclear industry are missing. Some of these constraints
involve limited maintenance access during operation, high costs of unplanned downtime, long lead times,
and uncertain supply chain delays. Furthermore, sensitivity analysis of model uncertainty has not been
directly studied using a trained DRL agent in this environment. Different levels of observability have been
studied in DRL literature, but its affect on nuclear O&M remains unknown. Understanding the advantages
and disadvantages for these methods will be especially helpful for proving the viability of Al and machine-
learning methods for the nuclear industry.

2. METHODS

This analysis has two main components: modeling and optimization. The decision-making process is first
modeled with stochastic models and includes states, actions, and costs. The decision-making policy is
then optimized using reinforcement learning to minimize long-term costs. Using the optimized policy, we



can then compare the result to current maintenance strategies and identify uncertainty through sensitivity
analysis.

2.1. Partially Observable Markov Decision Process

To integrate and model the decision-making process, we will use a generalized version of MDP, known as
a POMDP. MDPs and POMDPs have been used broadly in research applications as a method for modeling
and optimizing discrete stochastic systems that include decision-making effects. The difference between
MDPs and POMDPs is the observability of hidden system variables. MDPs make decisions based on the
known state of the system, whereas POMDPs make decisions based on estimates of the hidden state, or
observations. These estimates are often referred to as beliefs, which are probabilistic distributions over
all states of the variable inferred from noisy observations, such as sensors or inspections. This partial
observability creates a challenge when solving for the optimal decision sequence since the actual state of
the system could be any value in the distribution.

A POMDP is a 7-tuple (S, A, T, R,2,O,~) containing: states S, actions A, transition probabilities such
that T'(s, a, s’) = P(s'|s,a), rewards R(s, a), observations €2, conditional observation probabilities O, and
a discount factor . At each timestep, the agent takes an action, a € A, which then transitions the state
s — s’ according to the transition probability T'(s'|s, a). Once this occurs, the agent then receives a reward
for the action R(s,a). In this process, a sequence of actions is considered a policy, denoted as 7. At each
timestep, the policy specifies an action to execute based upon the state of the system, denoted as 7(s). The
goal of solving the POMDP is to identify the optimal policy, 7*, that maps the current observation to the
action that maximizes the long-term reward. The optimal policy will also take into account future rewards
so that the current action maximizes the total reward when a terminal state is reached. In the context of
asset management, the objective is to minimize costs over the lifetime of the plant.

Combining the methods of degradation modeling with the mathematical decision frameworks established
by POMDPs, we get improved modeling of hidden states, imperfect observations, and uncertain beliefs.
POMDPs have provided researchers with the ability to model and solve decision-making processes in dis-
crete, stochastic systems. A representative POMDP can be seen in Figure 1. The issue with the current
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Figure 1: A POMDP with rewards, actions, states, and observation will be used to model the environment.

state of the art for POMDP solvers is that they must be solved every time the state changes. This creates
a slow decision-making algorithm that must be constantly resolved when used with online condition mon-
itoring techniques. What is needed is a once-solved optimization algorithm that can provide a function
approximation to map the current state to the actions, maximizing the finite or possibly infinite horizon
rewards. This solution will provide an optimal online decision-making tool that can make quick decisions
based upon rapidly changing states.

2.2. Deep Reinforcement Learning for Optimal Policy Approximation

For optimal O&M decisions, we must be able to create a policy that maps the current state of the plant
to the most effective action. The optimal policy, 7*, maps the current state to the action that maximizes
the expected long-term reward, or in the case of O&M, minimizes the expected long-term cost. To solve



for the optimal O&M policy, we will use DRL that combines deep neural networks with reinforcement
learning. Using this optimal policy, operators will be assisted in making O&M decisions that take into
account complicated system interactions, uncertainty, and financial risk.

2.2.1. Reinforcement learning algorithm

Reinforcement learning is a machine-learning method used to train automated intelligent agents to take
actions in their environment that will maximize the expected reward. The agent is the decision maker and
the environment is an interactive model of the system. In the case of inspection and maintenance planning,
we train an agent that can use the current and predicted health of a component to select optimal decisions
that minimize expected lifetime maintenance costs.

Creating and training a DRL agent is an iterative process of four basic steps:

1. The neural network structure is created and initialized.
2. The agent uses the observation to take an action.
3. The environment transitions based on the action and the agent receives a reward.

4. The network is trained to match the new reward values.

Steps 2 and 3 are repeated until a terminal state is reached. Once a terminal state is reached, the environment
is reset and the agent continues taking actions. While the training is taking place, the network continues
to learn the approximate policy that maximizes the total reward. This iterative process continues until a
terminal state is reached in the environment, where the final episode reward is summed and the simulation
environment is reset for the next training episode. The network continues training until the agent achieves an
acceptable reward or the training has exceeded the computational budget. A depiction of the reinforcement
learning process can be seen in Figure 2.
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Figure 2: A graphical representation of reinforcement learning where an agent iteratively takes actions in the
environment, receiving state information and a reward.

2.2.2. Deep reinforcement learning for nuclear O&M

Deep reinforcement learning provides several advantages over classical optimization solvers. One such
advantage is that the learning of the network happens once during training. This allows for the trained
network to act as on online agent that will continuously monitor and adjust actions as needed, whereas clas-
sical algorithms must be solved for every change in state. Another advantage is that DRL has been shown
to overcome challenges associated with solving partially observable systems and systems with uncertainty.
This particular advantage will be especially helpful with maintenance decision making with uncertain com-
ponent states. Deep reinforcement learning has been shown to handle the “curse of dimensionality” better
than classical methods by creating a generalized approximation of the optimal policy. The deep neural net-
works used to approximate the optimal policy can handle large decision and action spaces and long forecast
horizons, the combination of which normally results in computationally intractable solving requirements.
The last advantage is the ability to handle non-linear dynamics. Much of the dynamics and resulting cost
equations are non-linear and thus provide challenges for linear optimization methods.



To train a DRL agent for nuclear O&M, we have created a decision process environment that contains
the following sub-models: component reliability, inspection and maintenance, resource availability, and
business and costs. These models are integrated as a POMDP that can be simulated with decisions for
cost analysis, creating the interactive environment for the DRL agent. The output of the environment is a
vector containing the current observations. This observation vector is the input to the DRL agent, or in other
words, the neural network. The output of the neural network is a probability assigned to each action that
corresponds to its likelihood of it being the optimal action. The action with the highest likelihood is chosen
as the optimal maintenance action. The chosen action is then implemented in the environment, where the
process starts again. A representation of this process can be seen in Figure 3.
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Figure 3: As part of this research, we will model the nuclear O&M decision making environment that includes
several sub-models to train a DRL agent to take optimal actions given the current observations.

3. RESULTS

To demonstrate these methods, preliminary studies were conducted on a simple, representative maintenance
system. In this study, we simulated the stochastic degradation of a component to test the ability of the
decision-making tool to make optimal decisions and ensure a low lifetime cost.

3.1. Environment

For this preliminary study, the results present a single component system with inventory management.
The degradation of this component simulates a stochastic degradation process, similar to many commonly
studied wear-out degradation profiles [11,12]. The component’s health is considered an observable feature
for this component, subject to estimation uncertainty, and can be related to its remaining useful life. The
component’s life begins with full health near 1 and degrades randomly with process noise until the health
reaches 0, where the component fails. Realizations of the component’s stochastic degradation profile can
be seen in Figure 4.

The component’s repair and replacement costs are subject to the plant’s current operating condition, which
can be normal operation or planned shutdown. The periods of operation and shutdown correspond to an
18-month refueling cycle that is typical for a nuclear power plant. During operation, if the pump fails or
needs maintenance, the plant must derate or reduce a fraction of the operating capacity, accruing a negative
cost. The component may be repaired or replaced to bring the component back online. If the component
is repaired, a fraction of the component is restored and the component can continue operation. If the
component is replaced, the component is restored to full health and the component can continue operation.
However, the component may only be replaced if there is available inventory. The inventory decisions
(i.e. order replacement or do nothing) are also available to the agent during every decision step. When the
agent orders a component, a fixed, 5-month lead time predates the arrival of the new component. When the
spare component arrives into inventory, there is a storage cost for each month the component remains in
storage. Having an extended lead time and storage costs requires the agent to perform just-in-time inventory
management to minimize overall costs.

Once completed, the component, actions, and costs were then encoded into a MATLAB reinforcement
learning environment, where they could be simulated with nuclear maintenance schedules and constraints.
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Figure 4: Realizations of the component degradation process, plotted with the mean and +1 standard
deviation.

3.2. Agent

An actor-critic network was then developed as the agent. Each actor and critic network consisted of two
fully connected hidden layers. Each layer is fully connected to the previous layer, where each neuron is
represented as a Rectified Linear Unit (ReLU) activation function. The input to the agent was the state
vector and the output was the probability distribution over available actions and the value approximation.

The input to the network is the observation or state of the system, organized as a normalized vector, known
as the state vector. The state vector is comprised of five inputs to the network: the health of the component,
the months until the outage, the amount of inventory, an inventory availability flag (1 or 0), and the remain-
ing lead-time of an ordered component.

The output of the network is the decision for that time step. The possible maintenance decisions were to do
nothing, repair, or replace, while the inventory management decisions were to order or not order a new com-
ponent. For the agent to be able to make a simultaneous maintenance decision and inventory management
decision, six decision vectors were created that contained all possible decision combinations. Therefore,
the output of the network contained six nodes corresponding to the available decision combinations.

3.3. Training

Several DRL algorithms were tested, but the best performing agent was found when using the Advantage
Actor Critic (A2C) algorithm [13]. The agent was trained numerous times with different parameter com-
binations to identify the best agent. During each training run, the network was trained for over 50,000
training episodes, each consisting of 200 decision steps (months). The best agent of each training run was
then tested for its ability to make optimal decisions and minimize long-term costs.

The best agent was found when using a discount factor of v = 0.999 and a learning rate of 10~°. A high
discount rate was used so that future rewards were given more importance. An e-greedy exploration strategy
with a value of ¢ = 0.001 was used to allow the agent to sufficiently explore the state-action space and to
ensure local optimums could be avoided. The best agent was able to be converge to a near-optimal solution
that minimized the expected lifetime cost for the component. Results from the training episodes can be seen
in Figure 5.
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Figure 5: Deep reinforcement learning training results showing policy convergence during the best training
run that lasted over 50,000 episodes.

3.4. Deployment Results

Using the trained agent, we were able to simulate the system and the decisions for 200 decision steps
(months). This length of simulation corresponds to over 16 years of operation and includes planned refuel-
ing periods that occur every 18 months. The typical life of a nuclear plant can extend to 40 or even 60 years
with license extensions; however, 200 months was used to best visualize the results of the decision making.
The results of the trained agent in a simulation can be seen in Figure 6.

From the figure, we can see that the agent chose to do full two full repairs to the components during months
36 and 148. The agent chose to repair the component when the health was getting to levels that were deemed
too risky to wait longer. The inventory management decisions also worked as expected, only ordering parts
as needed and just before the outage replacement. The costs incurred by the agent can be seen in the bottom
of Figure 6. These costs were the result of ordering, storing, and then the cost to install the new component.
The total lifetime cost of that component is the sum of each month’s costs.

3.5. Baseline Performance Comparison

To evaluate the success of the agent, we have established a performance metric by which we can measure
success. To do this, we have created several baseline maintenance strategies to evaluate the performance
of the agent through comparison of current maintenance strategies. We have developed a preventative
maintenance strategy that emulates time-based maintenance programs that repair components periodically,
regardless of the component’s condition. This type of maintenance program schedules inspections and
repairs at predefined intervals before the components become unreliable in an effort to prevent unexpected
failures. These intervals are often determined using historical, component-specific data from the plant and
broader nuclear industry. Due to the lack of real-time component health data, the time between maintenance
intervals are usually conservative to minimize the risk of unplanned shutdowns.

For this analysis, we have developed five time-based maintenance strategies. Each of the strategies are
different maintenance intervals, replacing the component every n outages. The selected intervals were three,
four, five, six, and seven outages. For component replacements, the inventory management ordered a new
component ¢ = 5 months before the beginning of the scheduled outage. The component was also ordered
well before the replacement interval to ensure the component arrived and was received into inventory before
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Figure 6: After training, we can simulate an instance of a component degradation process with effects of
actions taken by agent. The top plot shows the component degradation and the bottom plot shows costs.

the replacement procedure was scheduled to begin. Once the strategies were created, they were simulated
thousands of times for a period of 60 years. The DRL agent was able to reduce the expected lifetime cost
when compared to the best time-based maintenance strategy by 53%. The results of the simulations can be

seen in Figures 7 and 8.
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3.6. Uncertainty Analysis

When undergoing modeling and control, it is well known that the uncertainty of the modeling parameters
and observability must be studied to understand their effects. This statement remains of the utmost impor-
tance in the nuclear industry due to strict operating requirements and the need for high assurance of critical
infrastructure. Studying the effect of observability uncertainty will help quantify how the reinforcement
learning policy will behave under different conditions than were experienced during training.

The observability of this system was chosen as the parameter of study to simulate the effects of an uncertain
sensor observation, a common point of uncertainty in condition monitoring and prognostics. To study
the observability of this system, we added zero-mean Gaussian noise to each observation, changing the
magnitude of added noise by increasing or decreasing the amount of variance in the noise. Since the noise
is zero-mean and only added to the observation, the degradation process and the cost of the optimal decision
path remains unchanged. The magnitude of the variance was studied from a range of 107° to 10~! and
compared to perfect observability where the variance had a magnitude of 0. Large amounts of uncertainty
that would be considered unrealistic for condition monitoring systems will not be studied. Therefore, the
maximum amount of variance studied is 107!, The results from the uncertainty analysis can be seen in
Figure 9.

When compared to perfect observability, the added observation noise does not provide significant increases
to expected lifetime costs when equal to or less than a magnitude of 1072, As long as noise remains be-
low that threshold, the expected lifetime costs do not change by more than 5% when compared to perfect
observability. If the noise variance reaches a magnitude of 10~!, the expected lifetime costs increase by
almost 35%. This significant increase in cost is due to the large amount of uncertainty and estimation error
of the current health of the component when in the presence of noise variance with large magnitudes. This
large amount of estimation error and uncertainty leads to the DRL agent making overly conservative and
sub-optimal decisions, resulting in an increase in costs. Although the expected costs of using the DRL agent
increase with noise, the costs were still significantly lower when compared to the time-based maintenance
strategies. Even with significantly large levels of estimation uncertainty, the DRL agent performs signifi-
cantly better than the time-based maintenance strategies.

DRL Agent Decision Making with Added Sensor Uncertainty
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Figure 9: The addition of sensor uncertainty can impact the DRL agent’s ability to make decisions. The plot on
the left shows the results of the Monte Carlo simulations and the distributions of cost, as a result of increasing
sensor noise amplitude. The plot on the right shows the increase in expected lifetime costs, with standard
square error of mean and normalized to zero sensor noise, as a result of increasing sensor noise amplitude.

4. CONCLUSION

In this paper, we have discussed and analyzed novel methods that can be used for decision making in nu-
clear O&M. Through baseline performance comparisons we have shown that deep reinforcement learning is



a good alternative to time-based maintenance strategies, and that it provides significant robustness from un-
certain observations. Although observation uncertainty does increase the expected costs, the DRL agent was
able to make near-optimal decisions in the presence of high amounts of noise and outperformed time-base
maintenance strategies. These results provided significant assurance that cost reductions can be achieved
by using deep reinforcement learning for condition- and risk-based decision making.
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