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A B S T R A C T
Autonomous control systems provide recommendations to help operators in decision-making during
plant operations ranging from normal operation to accident management. An important step of
autonomous control is prognosis. In nuclear engineering domain, prognosis is the process of predicting
future conditions of a system or equipment based on present signs and symptoms of a fault. The
prognosis model allows predicting future reactor states for possible candidate control strategies so
that the outcomes can be evaluated to determine the best control strategy. The prognosis model
requires representing direct relationships between the symptoms and the predictions. In nuclear
engineering, computational simulations are approximate representations of the operation of the real
system. However, prognosis with computational simulations requires high computation power and
time due to possible large number of scenarios. Necessary computation resources can be reduced
with machine learning (ML) approach for fast predictions by building a surrogate function using the
simulation data. A critical issue is, ML models are ignorant of physical knowledge, and these models
approximate statistical relationships between the system variables. This ignorance can produce results
that are inconsistent with physical laws, even if an optimal result is achieved from a mathematical
point of view. Physics-guided machine learning (PGML) is an approach to tackle this issue. This
work formulates and illustrates a framework to guide development and assessment of the ML-based
prognosis model for autonomous control systems. The development of the prognosis model considers
the training of a ML model which consists of optimizing many aspects of the ML approach. The
assessment of the prognosis model considers training data limitations and uncertainties of the ML
approach. Prognosis models with standalone ML and PGML are developed and assessed on the loss-
of-flow scenario of Experimental Breeder Reactor II. The results indicate that PGML based prognosis
model has the best performance compared to other prognosis models.

1. Introduction
Autonomous control systems refer to systems that are

capable of using computing resources to make decisions and
operate in a real-world environment without external control
for a period of time[1]. The emergence of autonomous
control systems became a reality with Artificial Intelligence
(AI). AI can be defined as computer systems that are ca-
pable of intelligent behavior, and for autonomous control
systems, the expectation of intelligent behavior is to imple-
ment a structured decision-making process. While human
decision-making is a complex phenomenon, it can briefly
defined as the process of identification and selection of one
item from many possible alternatives. In decision-making,
there are options to be considered, and each option offers
a different trajectory, and the decision-maker chooses the
alternative with a trajectory closest to the desired condition.
Autonomous control system automates the decision-making
process, and the capabilities that needed for an autonomous
control can be listed as (1) diagnose a situation, (2) identify
the viable courses of actions, and (3) determine the best,
optimal, or at least an acceptable action or a sequence of
actions to transition to a safe state[2].
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Autonomous control of nuclear reactors integrates au-
tonomous decision-making in the control procedure of nu-
clear reactors along with the human operators. Nearly Au-
tonomous Management and Control (NAMAC) system is
introduced by Lin et al. [3] provides recommendations to
operators to maintain safety and performance of the reactor.
NAMAC adopts a modular approach at which different steps
of decision-making is performed by different modules. The
modules are identified as Digital Twin (DT) which is a vir-
tual environment that contains data and related knowledge
about the system [4]. An important NAMAC function is
prognosis which is the initial step of evaluating decision
options in the decision-making framework. The goal of “de-
termining the best, optimal or at least an acceptable action or
a sequence of actions to transition to a safe state” in NAMAC
is dependent on the successful predictions of the prognosis
function.

General definition of prognosis is a forecast of the future
course or outcome of a situation. In nuclear engineering do-
main, prognosis is the process of predicting future conditions
of a system or equipment based on the present signs and
symptoms of a fault. Prognosis in autonomous control is to
predict future reactor states for possible candidate control
strategies so that the outcomes can be evaluated to determine
the best control strategy. On the functional level, prognosis
is a time-series forecast function with initial and boundary
conditions. The initial condition of the prognosis is the
historical values of reactor state variables, and the boundary
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condition of the prognosis is the candidate control strategies
which defines the progression of the transient. With given
initial and boundary conditions, prognosis can forecast the
future course of reactor state variables at the time of the
initiation of the transient.

In this work, we propose a methodology for the de-
velopment and assessment of the prognosis model for an
autonomous control framework. Section 2 introduces the
functional requirements of a prognosis model, and Section 3
illustrates the development and assessment methodology for
prognosis. Section 4 gives details of a case study to test the
development and assessment methodology, and the results
are presented in Section 5.

2. Prognosis Function
Prognosis requires techniques to represent direct rela-

tionships between the input parameters and the outcome. In
nuclear engineering, computational simulations are approx-
imated representations of the real system operation. System
codes are computer codes that numerically solve partial dif-
ferential equations (PDEs) to simulate complicated physical
phenomena in components and system-level interactions be-
tween the components of a nuclear power plant. An example
of such code is GOTHIC. GOTHIC is an integrated, general-
purpose thermal-hydraulics software package for analysis
of nuclear power plant containment, confinement buildings,
and system components[5]. GOTHIC solves conservation
equations for mass, momentum, and energy for thermal fluid
problems involving multicomponent and multiphase com-
pressible flow. Reactor state variables follow a distribution
governed by non-linear equations of GOTHIC such as

𝑆𝑡 +N[𝑆;P] = 0 (1)
where 𝑆𝑡 is the time derivative of the reactor state variables
and N is a non-linear PDE operator that represents the reac-
tor operation, parameterized withP. The prognosis is a time-
series forecast model with initial and boundary conditions.
Therefore, from the modeling point of view, the prognosis
is not different from system codes. However, system codes
take some time to complete the simulation, and a simulation-
based prognosis model cannot simulate candidate control
strategies in a faster-than-real-time decision-making frame-
work.

The purpose of the development of prognosis is to build
a surrogate function that allows a fast-running simulation
in an autonomous decision-making framework; therefore,
the surrogate function needs to approximate the GOTHIC
equations. This can be expressed as

𝑓𝑠(𝑆) = 𝑆𝑡 +N[𝑆;P] + 𝜖𝑠 (2)
where 𝑓𝑠 is the data-driven surrogate function, and 𝜖𝑠 is
the error made by the surrogate function in approximating
GOTHIC equations. The surrogate function is a data-driven

model. Data-driven modeling is representing the relation-
ships between physical quantities based on the data itself
without explicit knowledge about the system. Machine learn-
ing (ML) is a sub-discipline of data-driven modeling, and
it can be defined as using statistical learning techniques to
extract relationships among physical quantities directly from
the data. Even though ML models require much attention
and resources for the training, ML models are fast enough to
perform multiple predictions in a very short time. Therefore,
ML-based surrogate function allows prognosis to simulate
multiple candidate control strategies in a faster-than-real-
time decision-making framework.

By assuming the GOTHIC solution is the true solution,
the predictive capability of the surrogate function is deter-
mined by how good the surrogate function is in approxi-
mating the GOTHIC solution, which requires quantification
of the total error in the approximation. From the validation
point of view, the predictive capability of the surrogate
function is how to quantify and estimate errors during the
development and application of the surrogate function.

Prognosis is a time-series prediction model with initial
and boundary conditions, where initial conditions mark the
beginning of the transient, and boundary conditions shape
the progression of the transient. There are two inputs to the
prognosis model. The first input is reactor state variables for
a certain length of history, 𝑇ℎ. The initial condition of the
prognosis is the reactor state values from the current time to
𝑇ℎ with total of 𝑑 number of variables.

X𝑑(𝑡′) = [𝑆𝑑(𝑡), 𝑆𝑑(𝑡 − 1), ..., 𝑆𝑑(𝑡 − 𝑇ℎ)] (3)
The second input to prognosis is control strategies, 𝐼 ,

which may contain system-level control strategies, component-
level control strategies, and temporal-level control strategies
that specify the time of execution of control strategies. 𝐼
is the boundary condition of the prognosis that define the
progression of the transient.

The output of prognosis is the prediction of quantity of
interest (QoI) for a certain length of future, 𝑇𝑝. The length
of future is the desired timeline that the prognosis model
makes a prediction. With 𝑡′ ∈ [𝑡 − 𝑇ℎ, 𝑡] being history time,
𝑡∗ ∈ [𝑡 + 1, 𝑡 + 𝑇𝑝] being future time and 𝜔 is the model
parameters for the surrogate function, the function form of
prognosis can be written as

𝑆𝑑(𝑡∗) = 𝑓𝑠(X𝑑(𝑡′), 𝐼(𝑡), 𝜔) (4)
Prognosis uses multi-step prediction scheme to forecast

the future. Multi-step prediction is a method based on iter-
ating the predictions until the desired prediction length is
achieved. In this scheme, a predictive function is needed to
predict the next value for an input sequence, and at the next
timestep, the output of the previous timestep is included in
the input sequence. The prognosis model uses the 𝑓𝑠 to make
single-step predictions in a multi-step prediction scheme to
complete the time-series prediction. Multi-step prediction of
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prognosis is illustrated in Figure 1. In multi-step prediction
scheme, 𝑓𝑠 needs to be accurate, stable, and consistent so
that the prediction error does not increase significantly with
each timestep to cause the prediction scheme unstable and
inaccurate.

Figure 1: Multi-step prediction of prognosis

Deep neural networks are ML algorithms with multiple
layers of nodes, with the outputs of one layer is being the
input of the next layer. Multiple hidden layers help neural
network to capture complex interactions between the input
features and output. Recurrent Neural Network (RNN) is a
subclass of neural networks with a recurrent connection, that
allows RNN to perform the same task for every element of
a sequence; therefore, the output is dependent on the previ-
ous computations. Recurrent connection allows the model
to make use of sequential information because recurrent
connection acts as a memory that captures information about
what has been calculated so far. This memory helps RNN to
take not only the input data but also the previous information
into account to perform time-series prediction. The dynamic
pattern in the data is captured by the network through per-
forming backpropagation at each point in time for every
element of a sequence with a feedback loop network form[6].
With its time-series prediction capability, RNN is a good
candidate as a surrogate function for prognosis.

One of the primary concerns with ML is, ML models
are ignorant of physical knowledge, and these models ap-
proximate statistical relationships between system variables
which can produce results that are inconsistent with physical
laws[7]. Therefore, ML models have a chance to fail to gen-
eralize in scientific problems. To cope with this limitation,
there is a need to explore the bridge between data-driven
models and physics-based models for scientific applications.
This issue is well known in the scientific community, and it
is possible to find different studies with different approaches
in literature with the aim of blending scientific knowledge in
ML models.

One particular approach is the subject of this work.
This approach is representing physics during neural network
training with using an additional term to loss function in-
spired by the physical understanding of the domain. Physics-
informed machine learning is introduced in a study[8] that
tries to develop data-driven solutions to nonlinear PDEs.
In this study, a data-driven model is developed to solve
Burger’s equation. In addition to the traditional squared loss
functions, the authors added another loss function based on

the analytical and numerical solution of Burger’s equation.
This method is reported to be more accurate and data-
efficient learning algorithm. In another study by the same
authors[9], Navier-Stokes equations are used in the loss
function, and it is reported that Navier-Stokes informed
neural network is robust to low resolution and substantial
noise in the observation data. Similarly, a study [10] showed
that including Navier-Stokes equations into the loss function
allows to extract velocity and pressure fields with the images
of a concentration of a passive scalar. These studies focus
on single physics to inform the neural network, and the
equations that govern the problem are also part of the neural
network training.

Adding an additional term to loss function is subject to
other works. Physics-guided machine learning is introduced
in the study [7], and studies [11][12] use a physics-based
loss function in addition to traditional loss function to pre-
dict transient lake temperature based on the environmental
conditions. The method is reported to be showing improved
performance over traditional knowledge-based models and
standalone ML models, and better consistency with phys-
ical knowledge. A significant different in physics-guided
machine learning is, partial knowledge about the problem
is used in the neutral network training. We aim to investi-
gate physics-guided machine learning approach for surro-
gate function development because the governing PDEs of
GOTHIC are known and can be used partially to develop the
physics-guide model.

3. Methodology
This section describes the methodology for the devel-

opment and assessment of the surrogate function of the
prognosis model. The methodology is designed to meet the
following set of requirements.

• Construct the training database considering the physics
of the problem

• Find the optimal parameters and hyperparameter set
of the model for the problem with the given training
database

• Identify different sources of the uncertainty of the data
and model

• Evaluate the predictive capability of the surrogate
function and prognosis model

The generic problem of learning is to find a relationship
between two variables that are related by an unknown proba-
bility distribution[13]. The unknown probability distribution
is approximated by an estimate function which is a subset of
hypothesis space that contain the set of all possible functions
that can return the relationship between the variables. ML
is the effort to find the estimate function that has the best
predictive capability. The concept of predictive capability of
the ML model is defined with the generalization capability.
Generalization error refers to a measure of the accuracy of
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the prediction that refers to the error between the learner’s
hypothesis and the unknown probability distribution[14].

It is often not possible to find best estimate function
due to practical limitations such as finite model size, finite
training data, and finite computing resources. Additionally,
the predictive capability of the ML model is dependent on
the training data and the model itself. The methodology of
surrogate function development and assessment is a practical
realization of the minimizing generalization error.
3.1. Step 1: Training data preparation

Training data preparation aims to construct the training
database considering the specification of the problem. This
step belongs to the preparation for prognosis model devel-
opment, which optimizes the training data utilization for the
surrogate function. This element starts with identifying the
prognosis model target considering the issue space of the
problem. Issue space is the complete scenario space that an
autonomous control framework can identify and make the
decision, and the prognosis model needs to predict future
conditions in the issue space. Then the time-series data of the
issue space is collected. An essential step before training the
ML model is selecting the input features. The selected input
features need to be sufficient to capture the quantity of inter-
est (QoI) behavior and reflect the physical characteristics of
the problem. A causal relationship is required between the
input features and the QoI so that the QoI can be uniquely
determined from the training data. In this study, the input
features are selected with domain expertise considering the
physics of time-series data.

Another important step in training data preparation is
data scaling of the input features. Data scaling is required
for the training database because the reactor state variables
have different ranges. Supervised ML infer the relationship
between the input features and the output labels. When input
features have different magnitudes, the features with wider
ranged and higher values have more influence over the train-
ing process than others, resulting in errors in the prognosis
function parameters. In this study, the input features are
linearly scaled between 0 and 1, considering the fixed upper
and lower bound values. These values are determined after
analyzing the training data.
3.2. Step 2: Model hyperparameter tuning

The hyperparameters of the surrogate function define the
model complexity and the training algorithm for learning.
This element belongs to the prognosis tuning, which opti-
mizes the hyperparameters of the ML model for a lower gen-
eralization error. The optimization of the hyperparameters
is a tedious trial-and-error type searching; therefore, even
though it does not guarantee to find a global minimum of the
generalization error, the deeper search improves the chance
of finding the best hyperparameter set. For the given training
database, an approximator is needed to the generalization
error. We use k-fold cross-validation (CV) to split database
into training and validation datasets, so that no information
about testing data can leak into the hyperparameter tun-
ing. In k-fold CV, the training data is split into 𝑘 smaller

datasets, and the ML model is trained using 𝑘 − 1 of the
smaller datasets, and the trained model is validated on the
remaining dataset. This procedure is repeated k times so
that each smaller dataset becomes part of both training and
validation. The CV error is the averaged value of errors for
𝑘 calculations.

The tuning process is a hyperparameter optimization
process that finds the hyperparameter set that minimizes the
CV error within the search iterations. We adopt Bayesian
search which is a direct search to minimize the CV error by
selecting hyperparameter sets that potentially have a lower
CV error. Bayesian search builds a surrogate probability
model of the CV error and finds the hyperparameter set
that performs best on the surrogate model. Then the best
hyperparameter set is trained with the actual ML model to
calculate the actual CV error, and the surrogate model is
updated by incorporating the new results. The process is
repeated until the desired iteration is reached, the extremum
of the objective function is located, or a good result is
located. The steps of the Bayesian search are given in Figure
2. 𝑔 is a random forest regressor that approximates CV error
for a given hyperparameter set.

Figure 2: Workflow of Bayesian search for prognosis tuning

Once the iterations are completed, the hyperparameter
set that minimizes the CV error within the iterations is
selected as the best hyperparameters, and it is assumed that
these hyperparameters define the optimal model complexity
for given training database.
3.3. Step 3: Model parameter training

This step aims to minimize the training error of the
ML model for the given training data without increasing
the generalization error. This step belongs to the prognosis
training which optimizes the parameters of the ML model.
In this step, ML model is trained with the whole training
database without splitting the validation database. Learning
rate is an important hyperparameter that affects the speed the
weights and bias of the network are updated during the train-
ing process. During the hyperparameter optimization, the
learning rate is separated from the other hyperparameters.
Hyperparameter tuning can be seen as exploration activity
to spot possible regions of local minimum points in the loss
function and to find the optimal hyperparameter set. And
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this step can be seen as exploitation activity to use smaller
learning rates to reach the local minimum points in the loss
function. This step fine-tunes the training with the suggested
hyperparameter set and adaptive learning rate. The adaptive
learning rate is a method that updates the learning rate during
the training based in the performance of the training on
the testing database. A step decay[15] is adopted in this
element, at which the network is trained with a fixed learning
rate, and the learning rate is reduced by half whenever the
generalization error stops decreasing. The training algorithm
of the model is given in Algorithm 1. In step 2, CV error
is used for approximating the generalization error, and in
this step, the testing error is used as an approximator to the
generalization error.
Algorithm 1 Training algorithm of the model with an adap-
tive learning rate

Initialize model parameters
while 𝑒𝑝𝑜𝑐ℎ < 𝑒𝑝𝑜𝑐ℎ𝑚𝑎𝑥 do

Calculate training loss on training database
Update model parameters
Calculate testing loss on testing database
if testing loss is increased then

Increase counter
if counter is outside of scheduler window then

Reduce learning rate by half
end if
if "counter is greater than validation patience then

Stop the training process
end if

end if
Save model parameters
Report training loss

end while
Export model parameters

Once the iterations are completed, the model parameters
that minimize the training error without increasing the test-
ing error are selected as the ML model parameters. These
parameters give an optimal training error for the optimal
hyperparameters.
3.4. Step 4: Evaluating testing error

This element aims to evaluate the generalization error
of the ML model. The generalization error of the prognosis
model is highly dependent on the training data. For any
problem, the constructed training data can have different
properties that can affect the generalization error of the
prognosis error. The properties if the training data is a
result of the finite-sample nature of the training data. These
properties are hypothesized as the imperfect training data.
Imperfect training data can be due to several reasons, such
as training data is not enough, training data is not representa-
tive, training data is not balanced, and training data is noisy.
These conditions are illustrated in Figure 3.

For a predictive model, the generalization error of the
surrogate function needs to decrease with increasing training

Figure 3: Imperfect data conditions for convergence analysis,
A) ideal training data, B) training data is insufficient, C)
training data is not representative, D) training data is not
balanced, E) training data is noisy

data size. Condition B is proposed to test this property
with insufficient data to check if the generalization error
decreases with increasing training data. It can also be tested
to check if the generalization error of the surrogate function
is converged for the given training dataset.

Another condition of the training data is to check of the
training data is representative. ML models tend to perform
well on tasks of the same nature as the training data. Models
with good generalization capability can utilize the patterns
learned from the training data to predict similar but new
tasks. Training dataset is constructed with the observations,
and a key issue with surrogate function is the question of
generalizability outside the training domain. This condition
is important because even though increasing training data
decreases the generalization error, sampling the training
data from a definite portion of the probability distribution
may not guarantee that the surrogate function can learn all
the patterns in the training data. Therefore, the surrogate
function can fail to predict scenarios that are not covered
by the training data. Condition C tests this condition, and it
is required to determine train/test data similarity conditions
of the model. In this step, the surrogate function is trained
with a training data, and tested against the conditions where
similarity decreases.

Next condition of the training data is to check if the train-
ing data is balanced, and this step of convergence analysis
tests the effect of balance conditions of the training data on
the generalization error. This condition is important, because
even though the training dataset covers the testing condi-
tions, if the training data is focused on a specific portion
of the probability distribution, it is possible that the model
learns the patterns on the focused region and cannot capture
the actual relationships of the testing conditions. This type
of training data can be considered as imbalanced datasets
where the observations on the probability distribution is not
uniform. In this step, the surrogate function is trained with
training datasets with different uniformity, and it is tested to
see how the data imbalance affects the generalization error
of the surrogate function.
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An important measure for condition C and D is to define
a dissimilarity measure between the training and testing
databases. The prognosis model considers time-series data;
therefore, a time dependent distance metric is required to
define dissimilarity between points in space. Dynamic time
warping (DTW) is a method that aligns the time-series
considering the shapes and trends in the time series[16]. The
alignment considers some restrictions between the points
in time series. Once the alignment is found, the distance is
calculated between the aligned points. DTW distance is used
as the dissimilarity measure between two time-series in this
framework. Training and testing datasets contain multiple
time-series, and for a training dataset containing N time-
series and a single time-series in the testing dataset, the
dissimilarity is measured as the minimum DTW distance be-
tween the testing data and the training dataset. This condition
can be expressed as

𝛾 = argmin
𝑖∈𝑁

𝑑(𝑥𝑖, 𝑦) (5)

where 𝑑 is the DTW distance and 𝛾 is the dissimilarity
measure. For a testing dataset containing 𝑀 time-series, the
dissimilarity is measured as the average DTW distance for
each testing episode. This condition is expressed as

𝛾 = 1
𝑀

𝑀
∑

𝑗=1
argmin

𝑖∈𝑁
𝑑(𝑥𝑖, 𝑦) (6)

The dissimilarity for a single testing episode and mul-
tiple testing episodes is illustrated in Figure 4. To define
the condition of imbalanced training data, the distribution
of distances between all episodes in the training data is
used. The balance of the training dataset is measured with
the skewness of the distribution. For the training database,
skewness is defined as the difference between the mean and
median of the distribution. If the mean of the distribution
is far from the median of the distribution, the database is
assumed to be skewed towards the mean of the distribution
and not balanced. The skewness is represented with 𝜇.

Final condition of the training data is to identify the
effect of noise in the training data. The noise in the training
data distorts the probability function that the ML model
could recover, and this step of convergence analysis tests the
effect of noisy data on the generalization error. Surrogate
function is trained with training datasets where artificial
noise is added and tested against the testing database without
noise. With 𝜑 being the percentage of the noise, the artificial
noise addition is represented by

𝑆𝑛𝑖 (𝑡) = 𝑆𝑖(𝑡) +N(0, 𝜑 × 𝑆𝑖(𝑡)) (7)
Properties of each condition are given in Table 1. The

surrogate function and prognosis model are tested in con-
vergence analysis.

(a) For a single testing episode

(b) For multiple testing episodes
Figure 4: Dissimilarity in time-series data

Table 1
Data conditions for convergence analysis

Data condition Sample size Dissimilarity Skewness Noise
Condition A 𝑙 = 100% 𝛾 ≈ 0 𝜇 ≈ 0 𝜑 = 0
Condition B 𝑙 < 100% 𝛾 ≈ 0 𝜇 ≈ 0 𝜑 = 0
Condition C 𝑙 = 100% 𝛾 > 0 𝜇 ≈ 0 𝜑 = 0
Condition D 𝑙 = 100% 𝛾 ≈ 0 𝜇 > 0 𝜑 = 0
Condition E 𝑙 = 100% 𝛾 ≈ 0 𝜇 ≈ 0 𝜑 > 0

3.5. Step 5: Quantify model uncertainty
This element aims to propagate and estimate the uncer-

tainties of the ML model in making a prediction. In the opti-
mization process of the ML model, there are parameter and
hyperparameter uncertainties, and the proposed approach
for uncertainty quantification is to make predictions with
multiple prognosis models to estimate mean and variance
of the prediction. Hyperparameters of the ML model can
be considered as controllable because the user can specify
them directly or choose them after a sensitivity study. These
uncertainties form the model hyperparameter uncertainty,
and they can be quantified by training several models instead
of training a single network. Ensemble averaging with 𝐾
networks with different network structures can be used to
quantify uncertainties related to model hyperparameters.
Ensemble averaging is a method where multiple diverse
models are developed to make a prediction[17]. The idea is
to quantify how different hyperparameters and data prepara-
tions affect the generalization error by averaging the model
predictions.

Parameters of the ML model can be considered as un-
controllable because the user does not directly specify their
values but relies on a learning algorithm to learn their values
numerically. Parameter uncertainties can be quantified by
disabling the connections of network parameters during the
prediction. Dropout is a method that network nodes are
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disabled randomly during training and prediction. Dropout
introduces randomness to the prediction, and empirical dis-
tribution over the outputs can be used to quantify uncertain-
ties related to model parameters[18]. If the prediction of a
single model is repeated several times, the prognosis model
gives different predictions so that it is possible to estimate
the distribution and uncertainty. The distribution of the pre-
dictions results from disabling connections and represents
the value of the connection in making prediction and can be
attributed to the model parameter uncertainty[19].

In this step, the variance of the prediction is calculated.
By combining the model parameter and hyperparameter
uncertainties, it is possible to make multiple predictions, and
once the predictions are complete, the mean and the variance
are calculated.

4. Case study formulation
This section illustrates the development of prognosis

models with a case study on a transient scenario. The tran-
sient scenario is considered as the accident scenario of
primary flow anomaly of Experimental Breeder Reactor
(EBR-II)[20], and GOTHIC EBR-II[21] model is used to
generate transient data. The model has been validated with
experimental results[21]. In this scenario, primary sodium
pump (PSP) #1 ramps down as an indicator to transient,

(a) PSP#1 torque

(b) PSP#2 torque
Figure 5: PSP torque plots in the SR database

and PSP#2 ramps up to cope with the transient. The
databases are generated by sampling PSP#2 end torque and
ramping time by uniform distribution. PSP#1 torque is pre-
defined before sampling the PSP#2 parameters. There are

two scenarios: a steady ramp (SR) case and a moving ramp
(MR) case. SR case is used for both training and testing the
prognosis models, and MR case is used for testing only to
assess the scalability of prognosis models.

SR database is generated by ramping down the PSP1
torque to 33.4% and 66.7%, and ramping up the PSP#2
torque to 31 different values with 31 different ramping
initiation times. In the SR database, PSP#2 always ramps up
in 50 seconds, and the time to initiate the ramping changes
for different episodes. PSP#1 and PSP#2 torque plots for all
episodes in the SR database are given in Figure 5

MR database is generated by ramping down the PSP#1
torque to 20 different values and ramping up the PSP#2
torque to 31 different values with 5 different ramping times.
In the MR database, PSP#2 always starts ramping up after
50 seconds from the transient, and ramping time changes
for different episodes. PSP#1 and PSP#2 torque plots for all
episodes in the MR database are given in Figure 6.

(a) PSP#1 torque

(b) PSP#2 torque
Figure 6: PSP torque plots in the MR database

4.1. Input features
The database is constructed from the issue space by se-

lecting the input features and QoI. The QoI is the maximum
fuel centerline temperature (𝑇𝐹𝐶𝐿), and the input features
are selected based on how GOTHIC calculates the maximum
𝑇𝐹𝐶𝐿. The prognosis model is expected to approximate the
GOTHIC equations; therefore, the selected input features
represent the GOTHIC equations and assumptions to calcu-
late 𝑇𝐹𝐶𝐿. All the input features of the database are given in
Table 2
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Table 2
Input features of prognosis model

PSP#1 mass flow rate
PSP#2 mass flow rate
Core channel inlet mass flow rate
Core channel outlet mass flow rate
Z-pipe mass flow rate
High pressure lower plenum temperature
Low pressure lower plenum temperature
Upper plenum temperature
Core cell temperatures
Core cell pressures
Core cell mass flow rates
Active core rod centerline temperature
Active core clad wall temperature
Total power deposited in core channel
Total core power generation
Intermediate heat exchanger cooling power
PSP#1 speed
PSP#2 speed

4.2. ML model for surrogate function
The ML model selected for the case study is RNN

considering the time-series prediction capability. Long-short
Term Memory (LSTM) is a special type of RNN that is
introduced to overcome vanishing gradient problems in
RNNs[22]. LSTMs are explicitly designed to learn long-
term dependency problems, and they contain gates that
decide which information should be thrown away or kept,
which helps to keep old valuable information in the memory.
LSTM can learn and remember dynamic patterns in the
data with complex interactions between its gates, even for
length sequence data analysis[23][24]. Therefore, RNN with
LSTM blocks are used in this work. The hyperparameters of
the LSTM are optimized with the Bayesian search given in
Figure 2, and the parameters of the LSTM are learnt with
the algorithm given in Algorithm 1 with using ADAM[25]
optimizer with PyTorch[26] library.

The learning of the ML model is obtained by updating
parameters of the model based on feedback from the training
data. Loss function is an indicator of how well the ML
model is working as intended. Accuracy of the ML model
shows the ability of how close the predictions of the ML
model to the actual values of the variables and Mean Square
Error (MSE) is considered. Low accuracy doesn’t always
indicate a good predictive capability due to the possibility
of overfitting. Overfitting is an issue in which the model
fits well to the training dataset, but it shows bad predictive
capability against a new dataset. In order to avoid overfitting,
regularization is used in the training of ML. Regularization
parameter(𝜆𝑟𝑒𝑔) tries to estimate the overfitting and penal-
izes a more complex model so that the model focuses on
approximating the probability distribution of the data rather
than capturing every point in the dataset. This brings another
evaluation metric, simplicity, which can be defined as the
state of how robust the model is, where a robust model
is defined as a model that produces little or no changes

in its output for small changes in its inputs. Accuracy and
simplicity are metrics in loss function of a standalone ML
model.

In order to improve the standalone ML-based surrogate
function, PGML is considered in this work. PGML is an
approach that explicit knowledge is accounted for during
the training of ML models. It is a hybrid approach that a
physics-guide model guides the training of the ML model by
penalizing the training if it is inconsistent with the physics-
guide model. This penalization brings a new evaluation met-
ric to the loss function, which is consistency. Consistency
can be defined as how compatible our learning method is
with known scientific principles and known relevant and
validated knowledge. Consistency metric is added to the loss
function in addition to accuracy and simplicity; therefore,
the loss function of PGML punishes non-accurate learning,
learning a more complex model, and physically inconsistent
learning. The architecture of the PGML is given in Figure
7 with conservation of mass, momentum and energy-based
physical consistency.

𝑐𝑜𝑛 is the physical consistency term of the loss function
and 𝜆𝑐𝑜𝑛 is the balance parameter that defines the degree
of penalization of physical consistency. 𝜆𝑐𝑜𝑛 is a parameter
that needs to be tuned during the ML training and using a
large value for 𝜆𝑐𝑜𝑛 enforces the ML model to conform to the
physics-guide model and share the limitations of the physics-
guide model. Using a small value for 𝜆𝑐𝑜𝑛 results with loss
of consistency information, and the ML model converges to
a pure ML model with no physics guidance.

The physics-guide model can be described as a physics-
based model that represents the knowledge about the system,
and the relationships among the input and output of the
ML model can be partially described in the form of explicit
equations. A general physical consistency loss function has
the form given in Equation 8.

𝑐𝑜𝑛 =
∑

𝑅𝑒𝐿𝑈 (|
|

𝑦̂ − 𝑦′|
|

− 𝜏) (8)
In this equation, 𝑦̂ is the predicted value of the physical

parameter by ML model, and 𝑦′ is the predicted value of
the physical parameter by the physics-guide model. 𝜏 is the
threshold parameter that is introduced because the physics-
guide model is subjected to the physical understanding of
the problem; therefore, it has biases and uncertainties. It
is highly possible that the data contains physical processes
that are not included in the physics-guide model and the
ML model can learn the processes directly from the data.
Therefore, threshold value allows for relaxing the penaliza-
tion of physically inconsistent learning by considering the
limitations of the physics-guide model. 𝜏 is an important
parameter in the training of PGML and using a high value
of threshold decreases the effect of physics guidance, and
using a small value of threshold adds significant additional
error to the loss function, which affects the convergence of
ML model.
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Figure 7: Architecture of prognosis model

4.3. Physics-guide model
GOTHIC is a thermal-hydraulics code; therefore, it

solves mass, momentum, and energy conservation equa-
tions. The physics-guide model is a combination of mass,
momentum, and energy conservation at the core region
because 𝑇𝐹𝐶𝐿 is highly dependent on the core channel.
Figure 7 contains the differential forms of the conservation
equations in the physics-guide model, however they are not
applicable with this form. In order to calculate the physical
inconsistencies, conservation equations are approximated
with finite volume approach. Mass, momentum and energy
conservation residuals of the physics-guide model are given
in Equations 9-11 respectively. It must be noted here that the
residuals can be calculated with the input features given in
Table 2 where values at 𝑡 + 1 are the ML model prediction
and values at 𝑡 are the inputs to the ML model.

In order to determine the 𝜏 for each conservation equa-
tion, Equations 9-11 are tested in SR database. The maxi-
mum of residuals is defined as the threshold for the conser-
vation equation in the physical consistency loss function.

𝑅1 = 𝑉
𝜌𝑡+1𝑧 − 𝜌𝑡𝑧

Δ𝑡
+ (𝜌𝜈𝐴)𝑡+1𝑧 − (𝜌𝜈𝐴)𝑡+1𝑧−1 (9)

𝑅2 = 𝑉
(𝜌𝜈)𝑡+1𝑧 − (𝜌𝜈)𝑡𝑧

Δ𝑡
+ (𝜌𝜈𝐴𝜈)𝑡+1𝑧+1 − (𝜌𝜈𝐴𝜈)𝑡+1𝑧

+ 𝐴(𝑃 𝑡+1
𝑧+1 − 𝑃 𝑡+1

𝑧 ) + 𝑉 𝜌𝑡+1𝑧 𝑔 +

(

2𝜇𝑡+1
𝑧+1

𝜈𝑡+1𝑧+2 − 𝜈𝑡+1𝑧+1

Δ𝑧
𝐴

)𝑡+1

𝑧+1

−

(

2𝜇𝑡+1
𝑧

𝜈𝑡+1𝑧+1 − 𝜈𝑡+1𝑧

Δ𝑧
𝐴

)𝑡+1

𝑧

+ 𝐴
𝑓𝑓𝑟𝑖𝑐Δ𝑧
2𝐷ℎ

𝜌𝑡+1𝑧 𝜈𝑡+1𝑧 𝜈𝑡+1𝑧

(10)

𝑅3 = 𝑉
(𝜌ℎ)𝑡+1𝑧 − (𝜌ℎ)𝑡𝑧

Δ𝑡
+(𝜌𝜈𝐴ℎ)𝑡+1𝑧+1−(𝜌𝜈𝐴ℎ)𝑡+1𝑧 −𝑄𝑡+1 (11)

4.4. Prognosis models
Based on the contributors to the loss function, four

different prognosis models are developed with PGML based

surrogate function. Pure data-driven prognosis (PDP) only
considers accuracy term in the loss function, regularized
data-driven prognosis (RDP) considers accuracy and sim-
plicity terms in the loss function, physics-guided data-driven
prognosis (PGP) considers accuracy and consistency terms
in the loss function, and regularized, physics-guided data-
driven prognosis (RPGP) considers accuracy, simplicity and
consistency terms in the loss function.

The training data is constructed from the SR database,
and in the training database, PSP#1 torque ramps down
to 66.7%, and PSP#2 torque ramps up to 16 end values
between [105%, 180%], and PSP#2 torque ramping starts
at 16 times between [50𝑠, 130𝑠]. There are 256 episodes
used for training, and remaining episodes in the SR database
are used for testing purposes. The sampling frequency of
the episodes in the training database is 1𝑠𝑒𝑐𝑜𝑛𝑑, and each
episode is run for 200𝑠𝑒𝑐𝑜𝑛𝑑𝑠. The time-series data contains
the values of all input features for the entire length of the
simulation, but for the training step, the training database
is divided into mini sequences that label the next values of
an input sequence. The ML model is trained with the mini-
sequences, that provide a single-step prediction during the
training.

5. Analysis of case study
The convergence analysis is performed on the testing

database. The testing database is constructed considering
the boundary conditions of the training database. The test-
ing database is also taken from the SR database, and the
PSP#1 torque ramps down to 66.7%, and PSP#2 torque
ramps up to 7 end values between [105%, 180%], and PSP#2
torque ramping starts at 7 times between [50𝑠, 130𝑠]. Testing
database PSP#2 torque end value and ramping time are
different from the training database, but they are selected
homogeneously from the range of the training database.
There are 49 episodes in the testing database. There are two
types of errors are presented, testing error and prognosis
error.
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(a) Training data size (b) Training data representativess

(c) Training data balance (d) Training data noise
Figure 8: Convergence of testing errors

The testing error is the error of predicting each time-step
of the data for all of the reactor state variables. It has the
same properties of the training error; therefore, the testing
error indicates how well the ML model is trained for given
settings. The convergence analysis on testing error is an
indicator that the developed ML model is a good proxy for
best hypothetical estimate function. In convergence analysis,
the ML-based surrogate functions are trained on training
databases with properties perturbed to satisfy conditions
given in Table 1. The plots of the testing error for each
prognosis model are given in Figure 8.

The testing error decreases with increasing sample size
and increases with increasing dissimilarity and noise. The
skewness of the training data is found to be having min-
imal effect on the testing error. The convergence analysis
of testing error suggest that PDP and PGP have enough
training data so that the optimal model is developed, and
the prediction should be accurate for the testing conditions.
Restricting complexity of the surrogate function prevented
to learn RDP and RPGP dynamic patterns in the time-series
data, and these models performed worse than PDP and PGP.

The prognosis error is the error of predicting 𝑇𝐹𝐶𝐿 in
the whole transient with multi-step prediction scheme. It
is fundamentally different than training error; however, it
is required to quantify how well the prognosis model is

developed in an autonomous control framework. The plots
of convergence of prognosis error are given in Figure 9.

The prognosis error shows similar trends of testing error.
An important difference is that the prognosis error is not
significantly affected by the presence of noise in the training
data, indicating that the multi-step prediction scheme is more
robust to data noise than single-step prediction. PDP and
PGP prognosis errors are converged with increasing training
data that can qualify the expected prognosis error on testing
conditions that are similar to the training data. PGML-based
surrogate function performs better than standalone ML-
based surrogate function in prognosis model development.

To expand the analysis of the prognosis models, they
are tested against potential requirements of an autonomous
control framework. These requirements are identified as
adaptability, uncertainty, and consistency that all of them are
explained in their respective sub-sections.
5.1. Adaptability analysis

The requirement for adaptability can be summarized as
the ability of prognosis model to make accurate predictions
in different initial and boundary conditions. For adaptability
analysis, three cases are defined, and prognosis errors are
calculated for each case. These cases can be summarized as
interpolation case, extrapolation case, and different ramping
case. Interpolation case has the same boundary conditions
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(a) Training data size (b) Training data representativess

(c) Training data balance (d) Training data noise
Figure 9: Convergence of prognosis errors

of the training database and testing database at which the
convergence analysis is performed. There are 651 episodes
in the interpolation case.

Extrapolation case has a similar ramping behavior as the
testing database, but the boundary conditions are different.
In extrapolation case, the testing database is constructed
from the SR database and PSP#1 torque ramps down to
33.4%. There are 958 episodes in the extrapolation case.

Different ramping case has different ramping behavior
that the testing database, and the boundary conditions are
also different. In this case, the testing database is constructed
from MR database, and PSP#1 torque ramps down to 20 end
values between [34%, 95%]. There are 2789 episodes in the
different ramping case, and this case is proposed to evaluate
the scalability of prognosis models in conditions that both
ramping behavior and boundary conditions are different.

𝑇𝐹𝐶𝐿 prediction of all prognosis models for all cases are
given in Figure 10. In the convergence analysis, it is observed
that PDP and PGP converge for the given training and testing
conditions, implying that these models are well developed,
and they are reliable for testing conditions. The interpolation
case is highly similar to the testing database; therefore, PDP
and PGP have successfully captured the transients in the
interpolation case. In the view of adaptability, PDP and PGP
are adaptable to scenarios similar to the training conditions.
The extrapolation case boundary conditions are different

from the training database, and all prognosis models have
higher prognosis errors in this case. This is compatible with
the observations of the convergence analysis that progno-
sis error increases with increasing dissimilarity. RDP and
RPGP are regularized, and they are more resistant to ex-
trapolation conditions. The different ramping case has a
different ramping behavior with boundary conditions close
to interpolation or extrapolation case. However, despite the
different ramping behavior, prognosis models capture the
transient of the different ramping behavior. In the view of
adaptability, all prognosis models are adaptable to moving
ramp condition, and PDP and PGP perform better with the
tending to overestimate the transient.

𝑇𝐹𝐶𝐿 prediction errors of prognosis models for all
episodes in all cases are summarized in Table3. Overall,
PGP has lower prognosis error than PDP for all cases.
This implies that including physics-guide model in training
improves the learning of standalone ML-based prognosis.
However, including the physics-guide model to the training
of RDP had the opposite effect, by increasing the prognosis
error for all cases. RPGP has more constraint during the
training than other prognosis models; therefore, it is possible
that the training data may not be enough to apply simplicity
and consistency together to the loss function.
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(a) PDP and RDP in interpolation case (b) PGP and RPGP in interpolation case

(c) PDP and RDP in extrapolation case (d) PGP and RPGP in extrapolation case

(e) PDP and RDP in different ramping case (f) PGP and RPGP in different ramping case
Figure 10: 𝑇𝐹𝐶𝐿 predictions of prognosis models

Table 3
𝑇𝐹𝐶𝐿 prediction errors of prognosis models for all episodes in
all cases

PDP RDP PGP RPGP
Interpolation 0.569°C 1.607°C 0.567°C 1.898°C
Extrapolation 16.311°C 5.604°C 14.276°C 7.161°C
Different ramping 5.949°C 4.148°C 4.553°C 5.572°C

5.2. Uncertainty Analysis
The requirements for uncertainty can be summarized as

the prognosis model’s ability to predict the transient and

quantify the uncertainty of the prediction. The uncertainties
of prognosis models’ predictions also quantified in interpo-
lation, extrapolation, and different ramping cases, with the
method described in step 5 of the methodology.

𝑇𝐹𝐶𝐿 predictions of prognosis models with uncertainty
are plotted in Figure 11 for the worst episodes in each case.
The worst episode is defined as the episode at which PDP
has the largest prognosis error in each of the case database.
For the interpolation case, all the developed PDP and PGP
have made similar predictions; therefore, the standard devi-
ation of the predictions are very low. RDP and RPGP have
lower model complexity, and training of these models is
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(a) PDP and RDP in interpolation case (b) PGP and RPGP in interpolation case

(c) PDP and RDP in extrapolation case (d) PGP and RPGP in extrapolation case

(e) PDP and RDP in different ramping case (f) PGP and RPGP in different ramping case
Figure 11: 𝑇𝐹𝐶𝐿 predictions of prognosis models in worst episodes

more restricted because of the Algorith 1. Therefore, RDP
and RPGP are more sensitive to initial model parameters
and hyperparameters and have higher prognosis error and
uncertainty in the interpolation case. Prediction uncertainty
increases with increasing extrapolation, especially for PDP
and PGP. RDP and RPGP have lower model complexities
due to regularization during raining therefore, the model
variances of these models are lower. Therefore, the prognosis
error and uncertainty of RDP and RPGP are better than PDP
and PGP in extrapolation case. For different ramping case,
the performance of PGP is close to RDP and RPGP, and

PGP can better capture the boundary condition changes in
the episodes compared to PDP.

Mean and standard deviation of 𝑇𝐹𝐶𝐿 prediction errors
of prognosis models for all episodes in all cases are given
in Table 4. Including the physics-guide model to PDP re-
duced the prediction uncertainty for all cases; therefore, PGP
performs better than PDP for all cases. However, similar to
the observation made in adaptability analysis, including the
physics-guide model to RDP increased the mean error and
uncertainty for extrapolation and different ramping cases.
This observation further supports that the training data may
not be enough to apply simplicity and consistency together to

Gurgen A. and Dinh N.: Preprint submitted to Elsevier Page 13 of 16



Table 4
Mean and standard deviation 𝑇𝐹𝐶𝐿 prediction errors of prog-
nosis models for all episodes in all cases

PDP RDP PGP RPGP
𝑆̂(°𝐶) 𝜎𝑠(°𝐶) 𝑆̂(°𝐶) 𝜎𝑠(°𝐶) 𝑆̂(°𝐶) 𝜎𝑠(°𝐶) 𝑆̂(°𝐶) 𝜎𝑠(°𝐶)

Interpolation 0.804 0.134 1.569 0.575 0.753 0.125 1.438 0.382
Extrapolation 18.129 15.244 7.503 3.579 15.812 9.646 8.605 5.340
Different ramping 6.024 3.991 4.522 1.454 4.718 1.991 4.442 2.000

the loss function. The behavior of mean prediction error for
each prognosis model for all databases shows similarity to
the deterministic prognosis errors calculated in convergence
analysis. This implies that the observations of convergence
analysis are valid for the ensemble model.
5.3. Consistency Analysis

Prognosis models adopt a multi-step prediction scheme,
and one of the requirements of multi-step prediction scheme
is to conserve physics at each prediction step. In this sec-
tion, consistency analysis is performed for prognosis models
where consistency is defined as the energy conservation at
the core channel. Only energy conservation is considered in
consistency analysis because energy conservation directly
affects the 𝑇𝐹𝐶𝐿 prediction; therefore, the energy conser-
vation error better represents the consistency of prognosis
models. For consistency analysis, inconsistency is defined
as the energy conservation error at the core channel. The
physics-guide model is developed to guide the training of
the ML algorithm, but it can also be used to quantify the
inconsistency of the prediction of prognosis models.

To calculate the inconsistencies of prognosis models, the
same approach in uncertainty analysis is adopted. The de-
veloped surrogate functions of prognosis models to quantify
prediction uncertainty in ensemble averaging are also used
to calculate mean and standard deviation of inconsistencies.
With this approach, it is possible to plot prognosis errors
and inconsistencies on the same graph with their error bans.
The inconsistencies of prognosis models for interpolation,
extrapolation and different ramping cases are given in Figure
12. PDP and PGP have low prognosis errors, and PGP also
slightly have lower inconsistency than PDP. However, al-
though RPGP has a lower prognosis error than RDP, there is
no improvement for the inconsistency. For the extrapolation
case, despite the prognosis error of PGP is higher than
RDP and RPGP, the inconsistency of PGP is the lowest.
This observation suggests that low physical inconsistency
does not imply low prognosis error. However, it is observed
that having low inconsistency has a tendency to lower the
prognosis error.

6. Conclusions
This study is motivated by the need for fast-running

simulation tools for autonomous decision-making systems,
focusing on prognosis. Prognosis is the process of predicting
future conditions of a system or equipment based on present
signs and symptoms of a fault. Prognosis is an important
step in autonomous decision-making by allowing to predict

future reactor states for possible candidate control strategies
so that the outcomes can be evaluated to determine the
best control strategy. The prognosis model is a time-series
forecast model with initial and boundary conditions. From
the modeling point of view, the prognosis model is not
different from system codes. However, system codes take
some time to complete the simulations, and for fast-running
simulation, the prognosis model needs to be a machine
learning (ML) model developed with the simulation results
of the system code. This study explored Recurrent Neural
Network to develop surrogate function of system code for
prognosis model that allows fast-running simulation which
cannot be achieved with system codes.

In this study, ML-based prognosis models are formu-
lated, developed, and demonstrated for a fast-running simu-
lation tool. The prognosis models can predict fuel centerline
temperature with associated prediction uncertainty based on
initial and boundary conditions. A development and assess-
ment framework is proposed to develop prognosis models,
and four different surrogate functions are developed as a
case study for potential prognosis models considering stan-
dalone ML and physics-guided machine learning (PGML)
approaches. ML model performance is highly dependent
on the training data itself and developed prognosis models
are tested in imperfect training data conditions. Imperfect
training data is hypothesized to be due to training data is
not enough, training data is not representative, training data
is not balanced, and training data is noisy. The prognosis
models are tested on the imperfect training conditions, and
prognosis models without model complexity regularization
performed better implying restricting the model complexity
reduces the prognosis model’s ability to learn dynamic pat-
terns in the time-series data

PGML is a novel method to improve the standalone
ML approach. PGML requires a physics-guide model that
represents the knowledge about the problem, and the rela-
tionship among the input and output of the ML model can
be partially described in the form of explicit equations. In
this study, a physics-guide model is developed for physics-
guided prognosis models considering the conservation of
mass, momentum, and energy at the core channel. PGML
approach improves the accuracy, reduces the uncertainty and
inconsistency of the prognosis models. The results obtained
in this work demonstrate the potential advancements of the
hybrid approach for prognosis that a physics-based model
guiding the training of the ML model.
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Figure 12: Prognosis errors and inconsistencies with error bands
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• Nearly Autonomous Management and Control System
• Time-series forecast with reactor system prognosis model
• Surrogate function development using physics-guided machine learning




