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Abstract

In a recently developed Nearly Autonomous Management and Control (NAMAC) system, neural

networks (NNs) are used to develop digital twins for diagnosis (DT-Ds). However, NNs are not

usually considered extrapolation models and may result in large errors if they are applied to unseen

data outside the training data (uncovered). In this study, we propose a data coverage assessment

(DCA) to determine if the NN-based DT-Ds are extrapolated based on their epistemic uncertainty.

The uncertainty quantification algorithms and uncertainty thresholds are selected based on the

confusion matrix of classifying evaluation data into covered or uncovered data. To demonstrate the

adaptability of the proposed framework, we applied it to a basic feedforward neural network and a

more advanced recurrent neural network based on a more nonlinear database. Case studies show

that the proposed framework can distinguish unseen data for both basic and advanced applications

with proper uncertainty quantification algorithms and thresholds.
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DT Digital Twin

DT-D Digital Twin for Diagnosis

DT-P Digital Twin for Prognosis

EBR-II Experimental Breeder Reactor - II

FN False negative

FNN Feedforward Neural Network

FP False positive

FPR False positive rate

LOFA Loss of Flow Accident

MCMC Markov-Chain Monte Carlo

ML Machine Learning

MSE Mean Squared Error

NAMAC Nearly Autonomous Management and Control

NLL Negative log likelihood

NN Neural Network

NPV Negative predictive value

OoD Out-of-Distribution

PPV Positive predictive value

QoI Quantity of Interest

RNN Recurrent Neural Network

ROC Receiver Operating Characteristic

SGLD Stochastic Gradient Langevin Dynamics

SSF Safety Significant Factors

TH Thermal-Hydraulics

TN True negative

TNR True negative rate

TP True positive
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TPR True positive rate

UQ Uncertainty Quantification

Symbols

θ Model parameter

D Training data set

Dx Training input features

Dy Training output features

x Input features

y Output features

p(θ|D) Posterior

p(θ) Prior

M Number of NN in ensembles

σ Standard deviation

1. Introduction

Developing autonomous control systems for nuclear reactors is a popular field of research

[1–6]. A Nearly Autonomous Management and Control (NAMAC) system has been recently

developed for advanced reactors [7] to support reactor operation by providing recommendations

to reactor operators. It integrates knowledge extracted from a scenario-based model of the plant,

plant operating procedures, technical specifications, and real-time measurements, based on which

recommendations are derived.

The NAMAC system utilizes digital twins (DTs) to support these knowledge extraction and

storage processes. A DT in the NAMAC system is “a digital representation of a physical object

or system that relies on real-time and past-history data to evaluate its complete states, to predict

future transients, and to recommend appropriate control actions” [7]. DTs in the current NAMAC

demonstration are simplified as surrogates of reactor simulators. They take advantage of the im-

pressive power of machine-learning (ML) algorithms in capturing highly nonlinear relations and

predicting reactor behaviors under nominal and accidental conditions.
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In current demonstrations of the NAMAC system, a neural network (NN) is used to develop

two major DTs: DT for diagnosis (DT-D) and DT for prognosis (DT-P). DT-D recovers the com-

plete reactor states. It infers the unobservable safety-significant factors (SSFs) based on observable

reactor states. The estimated SSFs will be used by the DT-P to forecast future reactor states based

on which the NAMAC system will recommend mitigation strategies to the operators under acci-

dent conditions. In addition to a feedforward neural network (FNN), a recurrent neural network

(RNN), which is better at capturing the time-dependent system behaviors, has been used to develop

the DT-D and DT-P [8–10].

A major issue of using NNs is that they are not considered extrapolation models. NNs are

trained so that they can approximate the relationship between input and output features based on

the training data. However, when a trained NN is applied to targets that are not included in the

training data, the unknown relations stored in the new data cannot always be well captured. NN-

based classifiers can overconfidently predict unrecognizable images with known labels [11, 12]

and can fail to classify natural adversarial examples [13]. Similarly, when an FNN is applied to

regression tasks, it may not extrapolate well in most nonlinear tasks [14]. Also, the FNN structure

determines how it extrapolates [14]. Therefore, when an NN accurately fitting the training data is

extrapolated, the prediction uncertainty and potential prediction error can become larger.

For safety-critical systems like nuclear reactors, DTs and DT-supported control system uncer-

tainty need careful evaluation such that concerns about the risk and reliability of nuclear power

plants can be resolved. Since NNs could result in a large uncertainty when they are extrapolated to

unseen data points, it is important to determine if the NN-based DTs are applied to new data points

within the extrapolation capability (covered) or without the extrapolation capability (uncovered).

In this study, we propose a data coverage assessment (DCA) framework for defining the coverage

conditions given a trained NN and its uncertainty information and testing if the definitions are

valid given various target data points.

In this paper, Section 2 reviews relevant work and proposes that uncertainty-based method

can be used for the DCA of a NAMAC DT-D. Section 3 introduces the techniques used to assess

the data coverage. Section 4 discusses the proposed workflow for developing and optimizing the

DCA. To demonstrate the proposed workflow, we formulate case studies and discuss the results in
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Section 5.

2. Data Coverage Assessment

As mentioned, NNs are vulnerable to model extrapolation. Many fields, such as image classifi-

cation, have already recognized similar issues and widely studied the detection of anomalous and

out-of-distribution (OoD) samples [15, 16]. Numerous techniques have been developed, which

can be supervised, unsupervised, or semisupervised based on whether the labels are available.

Anomaly detection usually relies on some specific metric, which is usually the major contri-

bution of a new technique. Based on the type of metric, those techniques can be grouped as

probability-based, distance-based, uncertainty-based, and projection-based [15]. Most techniques

are developed and tested based on image classification, so not all of them are suitable for nuclear

engineering applications.

As NNs are widely used to solve engineering problems, researchers have noticed this issue and

tried to address it. Bao et al. [17] assessed the data coverage by evaluating the coverage of physics

involved in the processes. The physics is categorized in two scales: the global physics representing

the macroscopic or global states, such as the dimension, boundary condition, and non-dimensional

parameters representing the underlying physics, and local physics indicating microscopic or local

states. The global and local physics will be evaluated separately, since local physics may not

change while the global physics are extrapolated, and vice versa. In the NAMAC demonstration,

the DT-D data coverage is assessed by checking the mutual information from training and test-

ing scenarios [7]. The distributions of the quantity of interest (QoI) in training and test data are

compared by calculating the symmetric Kullback-Leibler (KL) divergence. The prediction error

and KL divergence are strongly correlated based on the calculated Pearson correlation coefficient.

Gurgen and Dinh [18] used dynamic time warping (DTW) to measure the dissimilarity between

the training and testing databases to evaluate whether the training data base covers the testing data

base for physics-guided RNNs. The minimum DTW distance between a single testing time series

and a training data base containing multiple time series characterizes the dissimilarity between the

testing and training data bases. The prediction error increases as the dissimilarity characterized

by the minimum DTW distance becomes larger. When NNs are used for flooding modeling, the
5



predictive uncertainty can detect data that the network does not know [19], and it is shown that the

mean prediction interval width is larger for the unseen data.

Uncertainty-based methods have been successfully used for similar tasks, including some en-

gineering applications [19–24]. By definition, the NN epistemic uncertainty can be caused by lack

of data, so the epistemic uncertainty will become larger in the space not covered by the training

data [21, 25], shown by the demonstrations of many uncertainty quantification (UQ) techniques

developed for NNs [26, 27]. Therefore, we selected an uncertainty estimation to assess the data

coverage of a single DT.

3. Technical Basis

3.1. Neural networks

NNs are generally a machine replicating the human brain to perform a particular task [28].

NNs connect numerous simple cells, which are called “neurons,” and extract knowledge from the

given data and environment through a process called “learning.” The learned knowledge is stored

in the connections between neurons, which are usually characterized by the weights and bias of

the neurons.

An FNN is a classic NN type usually made of an input layer, an output layer, and several

hidden layers. Each hidden layer may include hidden neurons connected sequentially. With input

x, a n-layer FNN will compute the output ŷ by:

ŷ = f (wn f (wn−1 · · · f (w1x + b1) · · · + bn−1) + bn) (1)

where wi is the weight matrix of the ith layer, bi is the bias vector of the ith layer, and f (·) is the

activation function.

Traditional NNs are not good at storing information at previous sequence steps, so they may not

be a good fit to deal with time-dependent problems, such as predicting reactor transient behaviors.

Therefore, RNNs, which take previous outputs as inputs, may fit better. However, classic RNNs

can have trouble capturing long-term dependencies. Therefore, long short-term memory (LSTM)

is proposed to address this issue [29]. A standard LSTM cell is shown in Figure 1, and includes
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three gates: input, output, and forget. With the given input sequence, the layer state at time t can

be computed by [30]:

ft = σ
(
wi f xt + wh f ht−1 + b f

)
(2)

it = σ (wiixt + whiht−1 + bi) (3)

gt = tanh
(
wigxt + whght−1 + bg

)
(4)

ot = σ (wioxt + whoht−1 + bo) (5)

ct = ft ⊙ ct−1 + it ⊙ gt (6)

ht = ot ⊙ tanh(ct) (7)

where ht is the hidden state at time t, ct is the cell state at time t, gt represents the candidate

hidden state, and it, ft, and ot represent input, forget, and output gates, respectively. The learnable

parameters of an LSTM cell include the weights and bias of the gates.

σσ
tanh

σ

× +

×

×

tanh

ct−1 ct

ht−1 ht

ht

xt

Pointwise Operation

Layer

Figure 1: LSTM cell

3.2. Decomposition of uncertainty involved in neural networks

The uncertainties involved in NNs are usually categorized into: aleatoric uncertainty and epis-

temic uncertainty [31]. The definitions of aleatoric and epistemic uncertainties used in the NN UQ
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are slightly different from those used in the UQ of traditional computational models.

The aleatoric uncertainty is caused by the inherent noise of training data [31]. For instance,

the data collected from sensor readings may deviate from the true values. The aleatoric uncer-

tainty cannot be reduced by collecting more training data, but improving the data quality may help

minimize the aleatoric uncertainty. This type of uncertainty can be captured by NNs with built-in

variance, which treats the NN predictions as probability distributions. Additionally, the probability

distributions considered in NNs with built-in variance should be distinguished from the posterior

distributions obtained using Bayesian inference.

The epistemic uncertainty is related to the lack of knowledge. Untrained NNs can make nu-

merous possible predictions by assigning different values to model parameters [31]. If NNs are

trained to fit the given training data, NN predictions are constrained. Predictions will converge

to the truth where training data are provided. However, NNs will have more freedom to make

predictions when lacking training data. Epistemic uncertainty can be used to describe how many

possible predictions trained NNs may make. The epistemic uncertainty can be reduced by intro-

ducing new training data, which contains useful knowledge. In addition, the epistemic uncertainty

will be impacted by the model structure, and the predictions made by larger networks will be more

uncertain [32, 33]. It may be difficult to isolate the effect of each type of uncertainty from the total

epistemic uncertainty.

3.3. Neural networks with built-in variance

The aleatoric uncertainty can be captured by explicitly predicting the variance of the output

features [19, 34], as shown in Figure 2. When ordinary NNs are used for regression problems, they

only predict the mean values, and the parameters are usually optimized by minimizing the mean

squared error (MSE) between the predictions and the truth. NNs with built-in variance double the

size of outputs, which consist of the mean µ and the variance σ2 of the QoIs. To increase the

numerical stability, the variance can be modeled as:

σ = exp(ρ) (8)
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or

σ = log(1 + exp(ρ)) (9)

...
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. . .

. . . ...

...

...

X1

X2

X3

Xn

µ1

µk

ρ1

ρk

σ1

σk

Figure 2: NN with built-in variance

Since NNs with built-in variance output both mean and variance, the MSE loss used for most

regression problems is no longer a proper choice. Instead of minimizing the MSE loss, NNs with

built-in variance can be trained by maximizing the likelihood p(Dy|Dx, θ).

If the outputs follow normal distributions and all the data instances are independent on each

other, maximizing the likelihood is equivalent to minimizing the so-called negative log likelihood

(NLL) loss function given in Equation 10.

LNLL(D, θ) =
1
N

N∑
i=1

[
logσ2

i

2
+

(yi − µi)2

2σ2
i

]
(10)

However, the maximum likelihood estimation may be prone to overfitting. Another commonly

used strategy is to maximize the posterior, which is the maximum-a-posterior estimation. The

corresponding loss function with assumptions of normal priors is given as:

L(D, θ) =
1
N

N∑
i=1

[
logσ2

i

2
+

(yi − µi)2

2σ2
i

]
+ λθ2 (11)

The term λθ2 is also known as the L2 regularization term. If the Laplace prior is assumed, it will

become the so-called L1 regularization term.

NNs that explicitly model the output variance provide point-estimations of the aleatoric uncer-
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tainty and mean output, but they cannot capture the epistemic uncertainty. Numerous algorithms

have been developed to complete the NN UQ. We used the Bayesian learning methods [35] and

deep ensembles [36] to close the NN UQ. Although the NN epistemic uncertainty is of more in-

terest and assesses the data coverage, details of NNs with built-in variance are still provided here

considering that many UQ techniques are implemented based on NNs with built-in variance.

3.4. Bayesian learning

Bayesian learning algorithms are widely used for NN UQ, which conducts Bayesian inference

on NN parameters [19, 32, 35]. A Bayesian inference of NNs estimates the posterior distribution,

p(θ|D), based on the given training data. Based on Bayes’ theorem, the Bayesian posterior can be

written as [35]:

p(θ|D) =
p(Dy|Dx, θ)p(θ)∫

θ
p(Dy|Dx, θ′)p(θ′)dθ′

∝ p(Dy|Dx, θ)p(θ) (12)

where p(θ) is the prior distribution and p(Dy|Dx, θ) is the likelihood term. The posterior predictive

distribution against data point (x, y) can then be calculated as p(y|x,D) =
∫

p(y|x, θ)p(θ|D)dθ

and will represent the epistemic uncertainty. However, direct Bayesian inference for an NN of a

practical size is intractable, since an NN contains numerous parameters of equal importance [26].

Therefore, numerous algorithms have been developed to make Bayesian learning on NNs practical.

The popular Bayesian inference algorithms can be categorized into two types [35]: Markov Chain

Monte Carlo (MCMC) methods and variational inference methods.

The MCMC methods sample the exact posterior of an NN. To make the MCMC computation-

ally practical, many MCMC samplers are developed, such as stochastic gradient Langevin dynam-

ics (SGLD) [37], preconditioned SGLD [38], stochastic gradient Hamiltonian Monte Carlo [39],

and dropout Hamiltonian Monte Carlo [40]. However, the assumptions made for these methods

may not always hold in practice, so they may only provide approximations of true posterior.

The variational inference methods are developed to learn an approximation scheme of the

posteriors. The quality of the approximation is usually measured by the KL divergence between

the variational distribution and the exact posterior. Minimizing the KL divergence is equivalent to

maximizing the evidence lower bound, since the prior is fixed and usually not inferred (learned)

[35].
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3.4.1. Dropout as Bayesian approximation

Dropout is widely used to add regularization during training, which can reduce the risk of

overfitting. It is then demonstrated in [41, 42] that dropout can serve as a Bayesian approximation

to obtain the prediction uncertainty when it is used during prediction and evaluation. This approach

is usually referred to as Monte Carlo dropout (MC dropout).

MC dropout can be categorized into variational inference [35], with Bernoulli distributions

assigned to model parameters, and the normal loss functions used for training with dropout with

additional L2 regularization are equivalent to the evidence lower bound for variational inference

[41].

In practice, M stochastic forward passes through a trained NN with neurons randomly deacti-

vated are performed, which is different from standard dropout. If MC dropout is applied to an NN

treating the outputs as deterministic, the predicted mean is simply the average of all passes, which

is also known as model averaging:

µ(x) ≈
1
M

M∑
m=1

µm(x) (13)

Only the epistemic uncertainty can be captured and is usually approximated by the variance of M

samples [43]:

σ2 ≈
1
M

M∑
m=1

[
µm(x) − µ(x)

]2 (14)

MC dropout can be easily implemented in FNNs compared to other Bayesian learning algo-

rithms. It requires little additional knowledge and modeling effort. If dropout has already been

used as a regularization technique, the uncertainty of a trained NN can be conveniently estimated

by performing stochastic forward passes. In addition, training an NN with MC dropout is usually

computationally cheaper than other variational inference algorithms [27].

However, MC dropout does not provide a high-quality estimation of the uncertainty. Although

MC dropout is able to fit a 1D synthetic data set in terms of the root mean squared error, it may

considerably underestimate the uncertainty [27].
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3.4.2. Stochastic gradient Langevin dynamics

SGLD combining stochastic gradient algorithms and Langevin dynamics is proposed in [37]

for the efficient UQ of large data sets. The proposed scheme adds a Gaussian noise to Robbins-

Monro stochastic gradients:

∆θt =
ϵt

2

∇ log p(θt) +
N
n

n∑
i=1

∇ log p(yti|xti, θt)

 + ηt

ηt ∼ N(0, ϵt)

(15)

where n is the batch size and ϵt is the step size (learning rate) decreasing towards zero at rates

satisfying:
∞∑

t=1

ϵt = ∞

∞∑
t=1

ϵ2
t < ∞ (16)

Typically, the step size will decrease exponentially as:

ϵt = a(b + t)−γ (17)

where γ ∈ (0.5, 1].

The mean output will be obtained by averaging the M samples weighted by learning rate:

f (x) ≈
∑M

m=1 ϵm f (x, θm)∑M
m=1 ϵm

(18)

In this work, the QoIs are assumed to follow normal distributions and the step size will not change

after the burn-in phase. Therefore, the predicted mean and the total variance can be calculated as:

µ(x) =
1
M

M∑
m=1

µ(x, θm) (19)

σ2
t (x) =

 1
M

M∑
m=1

µ2(x, θm) − µ2(x)

 + 1
M

M∑
m=1

σ2(x, θm) (20)

where 1
M

∑M
m=1 µ

2(x, θm)− µ2(x) is treated as the epistemic uncertainty and 1
M

∑M
m=1 σ

2(x, θm) repre-

sents the aleatoric uncertainty.
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3.5. Deep ensembles

It is proposed in [36] that ensembles of M networks, or deep ensembles (DE) for short, can

be used to quantify the NN predictive uncertainty. Compared to Bayesian methods, DE is simpler

to implement and requires fewer modifications to traditional NNs. To construct the ensembles,

the NN parameters are randomly initialized, and the data instances are randomly shuffled. A

relatively small ensemble size (e.g., M=10) is sufficient to obtain satisfactory performance [22].

To train a single NN, the NLL criterion is suggested for regression tasks [36]. In practice, the L2

regularization term is added to the NLL criterion to prevent overfitting.

During the prediction, the ensembles containing M NNs are treated as a uniformly-weighted

mixture model, so the predictions are combined as:

p(y|x) =
1
M

M∑
m=1

p(y|x, θm) (21)

For regression tasks, the prediction is a mixture, 1
M

∑M
m=1N

(
µ(x, θm), σ2(x, θm)

)
. The mean and the

total variance are given by:

µ(x) =
1
M

M∑
m=1

µ(x, θm) (22)

σ2
t (x) =

1
M

M∑
m=1

[
σ2(x, θm) + µ2(x, θm)

]
− µ2(x) (23)

The total variance can be rewritten and decomposed as [44, 45]:

σ2(x) =

 1
M

M∑
m=1

µ2(x, θm) − µ2(x)

 + 1
M

M∑
m=1

σ2(x, θm) (24)

where 1
M

∑M
m=1 µ

2(x, θm)− µ2(x) is treated as the epistemic uncertainty and 1
M

∑M
m=1 σ

2(x, θm) repre-

sents the aleatoric uncertainty.
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4. Data Coverage Assessment Workflow

4.1. Research hypothesis and assumptions

In this study, we propose that the epistemic uncertainty of NN predictions can be used to

evaluate the data coverage. If the trained NN does not store sufficient knowledge against the

target, the target will be considered uncovered, and the prediction error can become extremely

large. This will serve as the fundamental hypothesis to be validated in this study.

We made the following assumptions:

• The simulation results obtained from GOTHIC are true, and the uncertainties of GOTHIC

simulations are ignored.

• FNN and RNN are the only ML models used to develop DTs.

• The input features, output features, and NN architectures are fixed for DCA, and the possible

uncertainty caused by feature selection and model structure are not considered.

4.2. Proposed workflow

Based on the hypothesis, a development workflow for DCA is proposed in Figure 3, consisting

of the following steps:

Figure 3: Development workflow for DCA
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1) Step 1 aims to construct the knowledge base. The information required for the NN UQ will

be collected in this step. To quantify the uncertainty of a given NN, its architecture will be

analyzed. Since this study intends to assess the data coverage based on the provided training

data, the data used to train the DT will be collected. Based on the preliminary analysis of

the NN architecture and training data, proper UQ algorithms will be suggested. In addition,

since the proposed DCA approach should be evaluated to guarantee its effectiveness, some

evaluation data will be collected in this step based on expert knowledge.

2) With the developed knowledge base, Step 2 will quantify the NN prediction uncertainty.

The NN UQ estimates the distributions of NN parameters based on the provided data and

can be treated as a retraining process for the given NN. With fixed training data and NN

architecture, the NN parameters will be retuned using the selected UQ algorithm, and the

distributions of NN parameters can be obtained.

3) Step 3 aims to select the required coverage thresholds. To close the DCA, an uncertainty

threshold is required. Moreover, an error threshold is required for evaluation purposes. In

this study, these two thresholds are grouped as the coverage thresholds and more details will

be provided in Section 4.3.

4) In Step 4, the developed DCA module will be evaluated based on its performance on the

evaluation data. The evaluation will be based on whether data identified as not covered have

high prediction errors and whether data identified as covered have low prediction errors.

Proper evaluation metrics will be selected based on these two criteria, which will be further

discussed in Section 4.3. Then the decision on whether the performance is satisfactory will

be made. If the performance is not satisfactory, corrections and improvements will be made

on Step 1, Step 2 and Step 3. If the performance is satisfactory, the developed DCA module

will be used in the applications.

4.3. Coverage thresholds and evaluation metrics

A proper decision threshold is required to assess the data coverage condition. In this work, the

outputs of DT-D consist of continuous variables, so the epistemic uncertainty will be characterized
15



by the standard deviation σ of the predictive distribution of µ caused by the epistemic uncertainty.

The standard deviation will be calculated as:

σ =

√√
1
M

M∑
m=1

µ2(x, θm) − µ2(x) (25)

where µ(x, θm) is the mean predicted by the mth sample and µ (x) is the predicted mean averaged

by Equations 13, 19, and 22. The decision regarding the data coverage condition will be made

based on a coverage threshold selected based on the epistemic uncertainty, which is referred to

as the uncertainty threshold. If the σ calculated for an unknown target x exceeds the uncertainty

threshold, the target will be classified as not covered; otherwise, it will be classified as covered.

In this work, the coverage level is assessed with a binary scale. The assessment of data cov-

erage level can be treated as a binary classification task that classifies whether a new target data

is covered or uncovered. Therefore, a confusion matrix shown in Table 1 can be constructed to

evaluate the performance of the proposed approach.

Table 1: Confusion matrix used to evaluate the DCA performance

Estimated as
Covered Uncovered

Reality is
Covered True Positive (TP) False Negative (FN)
Uncovered False Positive (FP) True Negative (TN)

To complete the confusion matrix, the true coverage condition should be available. In some

similar tasks, such as OoD detection, the true coverage condition is usually determined using

some characteristics of samples, such as the labels, the ranges of input features, and the sources

of the data. For instance, an image of fruit would not be considered covered by some images

of vegetables. However, finding proper characteristics can be challenging in this study and may

introduce extra uncertainty due to:

• The output space is continuous, so using the discretized labels to determine the true coverage

condition is impractical.

• The control variables defining the transients, such as the pump ramping time and final pump
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speed, are useful to evaluate the difference between two transients. However, the reactor

may have similar behavior at the beginning of each transient and an NN trained on severe

accidents may be able to provide accurate predictions on less severe accidents. Therefore,

using those manipulated variables to determine the true coverage condition is not always

reliable.

• Since the input features are also continuous, the ranges of input features can be alternative

metrics to determine the true coverage condition. However, this method ignores the complex

connections among the input features. In engineering applications, the input features are

constrained by physical laws. Perturbing some input features may break the physics, which

may not be detected by monitoring the ranges of the input feature. Therefore, although

determining the coverage condition by checking whether the values of target inputs fall

within the ranges of training inputs works well for many applications, we did not select it in

this study due to this major concern.

One important observation is that well-trained NNs tend to fail when they are applied to un-

covered data. Therefore, in this work, the NN performance on the target data, which is evaluated

by the absolute error (AE) between the NN prediction and true value, is used to determine the

true coverage condition by comparing the AE to an error threshold. If the AE is smaller than the

threshold, the NN performs well and the target will be considered covered in this study. The AE

is calculated as:

AE = |µ (x) − y (x)| (26)

where µ (x) is the predicted mean averaged by Equations 13, 19, and 22 and y (x) is the value

provided by GOTHIC simulations.

In this study, a target will be estimated as covered if the epistemic uncertainty is smaller than

the uncertainty threshold. The actual coverage condition will be determined by comparing the

actual prediction errors against the error threshold. If a target is estimated as covered and the real

data coverage condition is also covered, it will be classified as a true positive (TP) based on Table 1.

When DCA is deployed to DT-D systems of nuclear reactors, false positive (FP) is less acceptable

with actual prediction errors larger than expected. For an FP, we are trusting our predictions and
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assume that the prediction error is bounded, while the DT-D results may significantly deviate from

the unknown true value. In a safety-critical system, failing to detect such huge prediction errors

may finally lead to disastrous consequences. Therefore, FP is of more concern in this study.

Based on the confusion matrix, four evaluation metrics can be calculated to evaluate the pro-

posed thresholds, as summarized in Equations 27-30. The true positive rate (TPR), also named

sensitivity or recall, measures how well low-error predictions can be identified. The true negative

rate (TNR), also named specificity, evaluates the DCA module based on how many high-error

predictions can be captured. The positive predictive value (PPV), or precision, and the negative

predictive value (NPV) assess how confident the model is in classifying the covered and uncov-

ered data, respectively. Good coverage thresholds will lead to high scores in all these four metrics.

However, classifying the true coverage condition by evaluating the model may increase the num-

ber of false negative (FN) predictions, since the NN predictions can accidentally agree with the

truth even though the data are far away from the training data. As a result, good thresholds can

sometimes lead to a low TPR and NPV. Under this condition, expert judgment must evaluate the

adequacy of DCA.

True positive rate (TPR) =
T P

T P + FN
(27)

True negative rate (TNR) =
T N

T N + FP
(28)

Positive predictive value (PPV) =
T P

T P + FP
(29)

Negative predictive value (NPV) =
T N

T N + FN
(30)

4.4. Optimization objectives

The Receiver Operating Characteristic (ROC) curve can be used to visualize the performance

of a binary classifier [46, 47]. It plots the TPR versus the false positive rate (FPR) by varying the

corresponding threshold and qualitatively represents the trade-off between the costs and benefits of

a classifier [48]. The point (0, 1) represents a perfect classification, and a purely random classifier

will produce a line connecting (0, 0) and (1, 1). To obtain the ROC curve, the TPR can be calculated
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with Equation 27 and the FPR can be calculated as:

False positive rate (FPR) =
FP

FP + T N
(31)

The area under the ROC curve (AUROC) can be used to quantitatively measure a classifier’s

performance [46]. The AUROC can be treated as a metric quantifying the probability that a clas-

sifier can correctly rank a true and false pair [47]. It is scale-invariant and uncertainty-threshold-

invariant since it is independent of the absolute values of the selected classification metric and

threshold. In this study, AUROC compares the performance of different UQ algorithms and selects

the optimal one. In addition, the error threshold used to determine the true coverage conditions

can also impact the AUROC. Therefore, the AUROC of each UQ method will first be maximized

by optimizing the error threshold and then compared with each other to select the optimal UQ

method. It should be noted that AUROC does not directly depend on the prediction error of a

DT-D, while it is determined by whether the high-error predictions can be accurately captured. A

DT-D cannot fit the evaluation data does not necessarily yield small AUROC.

The AUROC is independent of the uncertainty threshold, so it cannot determine the optimal

uncertainty threshold. The optimal uncertainty threshold will be selected such that false predic-

tions consisting of FPs and FNs are minimized. However, FPs and FNs may not respond to the

change of coverage thresholds in the same way. In this study, the optimization of the uncertainty

threshold will rely on a misclassification cost defined as [46]:

C = cFPNFP + cFN NFN (32)

where NFP is the number of FPs, NFN is the number of FNs, cFP is the cost of an FP, and cFN

is the cost of an FN. The cost coefficients, cFP and cFN , represent the importance of FP and FN,

respectively. If FP is more harmful to the system, a higher cFP should be used. Large cFN indicates

that FN is less acceptable than FP. The selection of cFP and cFN will be application oriented.

19



5. Case Study

5.1. Case formulation

This work is based on loss of flow accidents (LOFA) in Experimental Breeder Reactor II (EBR-

II). In this study, the pump speed of Primary Sodium Pump #1 (PSP1) of EBR-II ramps down to

initiate the accidents, and Primary Sodium Pump #2 (PSP2) may ramp up to mitigate the conse-

quences. The detailed descriptions of the LOFA accidental scenarios and GOTHIC simulations

used in this study can be found in Appendix B.

The development and optimization of DCA are demonstrated based on a DT-D in the NAMAC

system, which restores the complete states of an EBR-II reactor in a real-time manner. Detailed

descriptions of the NAMAC system and DT-D can be found in Appendix A. In this study, the

DT-D is developed using FNN and RNN. The inputs of DT-D contain selected observable reactor

state variables as summarized in Table 2. When FNNs are trained, the first-order time derivatives

of the observable states are also used as inputs to partially capture the transient behaviors of the

reactor. The output is the unobservable peak fuel centerline temperature, TPFCL. If the output size

is 1, only the epistemic uncertainty of TPFCL is quantified. If the aleatoric uncertainty is quantified,

the output size will be 2. Since the magnitude of the energy generation rate is much larger than

other features, the inputs are pre-processed using min-max normalization. The training data in this

study are generated using the GOTHIC EBR-II model [49]. Detailed descriptions of the scenarios

of interest and the training data used in this study can be found in Appendix B.

This work formulates two case studies. In Case Study 1, the data coverage condition of an

FNN-based DT-D is assessed. Two Bayesian-based UQ methods (MC dropout and SGLD) are

used and the uncertainty threshold is selected based on the UQ results of training data. In Case

Study 2, the DT-D is developed using RNN, and the uncertainty will be captured using DE and

SGLD. The error threshold and uncertainty threshold are selected by optimizing the proposed

DCA approach.

The case studies are designed to address:

1) Whether an epistemic uncertainty can be used to assess the data coverage condition?

20



Table 2: Selected observable state variables

Variable Number Variable Name Description
1 FL1 PSP1 mass flow rate
2 FL6 PSP2 mass flow rate
3 FL19 Z-pipe mass flow rate
4 TL8s1 High pressure lower plenum temperature
5 TL9s1 Low pressure lower plenum temperature
6 TL14s1 Upper plenum temperature
7 PS1 PSP1 speed
8 PS2 PSP2 speed
9 PH1 PSP1 head speed
10 PH2 PSP2 head speed
11 cv42C Total core power generation
12 cv43C Intermediate heat exchanger cooling power

The first question is about whether the epistemic uncertainty of an NN-based DT-D can char-

acterize the data coverage condition. Case Study 1 will focus on answering this question,

and Case Study 2 can be used to support the statement.

2) Which UQ technique should be used for DCA?

Numerous UQ algorithms can quantify the uncertainty of an NN, and different assumptions

are made for those algorithms [31]. The uncertainties quantified using different algorithms

may vary significantly, and some of them may perform better for DCA. Therefore, the opti-

mal UQ technique should be properly selected based on its performance in the task of DCA.

This question is formally discussed in Case Study 2.

3) How should the uncertainty threshold be selected?

A decision threshold is required to assess the data coverage condition. This question deals

with two sub-questions: 1) how should epistemic uncertainty be characterized and 2) what

is the corresponding threshold separating covered and uncovered data? This question is

primarily addressed in Case Study 1 and further discussed in Case Study 2.

4) Is the proposed approach scalable?

No single DT in the NAMAC system can deal with all the possible conditions. Future studies
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should investigate whether the proposed DCA approach can be scaled to DTs with different

architectures and various training data. This question will be addressed by demonstrating

the DCA on two case studies.

5.2. Case Study 1—DCA on FNN

5.2.1. Experiment setups

In Case Study 1, the DT-D is developed using FNN. The FNN UQ hyperparameters are sum-

marized in Table 4 and the DT-Ds are developed using PyTorch [30]. As summarized in Table 3,

Case Study 1 uses one training data set and three evaluation data sets. The Training Set, Evaluation

Set 1, and Evaluation Set 2 are sampled from the database “aa01.” Compared to episodes in the

training data set, more severe accident transients are included in Evaluation Set 1. The accident

transients involved in Evaluation Set 2 are similar to those used to train the DT. Data in Evaluation

Set 3 come from database “ba01,” where PSP2 does not ramp up to mitigate the accidents.

Table 3: Training and evaluation data used in Case Study 1

Data set Database
Number of
episodes

Characteristics

Training aa01 42
Trigger temperature
(°C):

606.00, 630.26,
651.48

Final pump speed: > 130%

Evaluation 1 aa01 6
Trigger temperature
(°C):

651.48, 700.00

Final pump speed:
105%, 111%,
121%

Evaluation 2 aa01 4
Trigger temperature
(°C):

618.13, 639.35

Final pump speed: 137%, 141%

Evaluation 3 ba01 3
Pump ramping time
(s):

1, 113.68, 451.71

Final pump speed: 0

5.2.2. UQ of FNN-based DT-Ds

In this case study, the FNN uncertainty is quantified using two different methods: MC dropout

and SGLD. First, the effectiveness of Bayesian methods in capturing the training data behaviors
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Table 4: Selected FNN hyperparameters in case study 1

Model Name FNN-MCD FNN-SGLD
Number of hidden layers 4 4
Hidden size 128, 128, 128, 128 128,128,128,128
Input size 24 24
Output size 1 2

Learning rate 1 × 10−4 10−4
(
5 × 103 + n

)−0.6

Batch size 64 128
Weight decay 1 × 10−7 1 × 10−5

Optimizer Adam SGLD
Maximum epochs/burn-in steps 20,000 800,000
Loss function MSE NLL
Number of NNs 10,000 1000
UQ method MC dropout (drop rate = 0.1) SGLD

is checked. The comparison between the mean TPFCL estimated by Bayesian learning and the

GOTHIC simulation results is depicted in Figure 4. After UQ, DT-D results agree well with the

true values. MC dropout performs better than SGLD in terms of the mean prediction and SGLD

results slightly underestimate the TPFCL.

(a) FNN-MCD (b) FNN-SGLD

Figure 4: Model fitting on training data of Case Study 1

To study the performance of the inferred FNNs on different target data, the FNNs are imple-

mented to the three evaluation data sets. Figure 5 shows how an FNN inferred using MC dropout

fits the evaluation data and Figure 6 depicts the predictions made by the FNN using SGLD. The

x-axes of Figure 5 and Figure 6 are labeled with “data points” representing the time-discretized
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predictions of episodes. As observed from Figure 5b and Figure 6b, both models can make ac-

curate predictions against Evaluation Set 2 with low epistemic uncertainty. However, the discrep-

ancies between the predicted µ and true values of Evaluation Sets 1 and 3 are larger, as shown in

Figure 5a, Figure 5c, Figure 6a, and Figure 6c. In addition, the trained NNs are less confident

in predicting the TPFCL of transients in Evaluation Sets 1 and 3 considering the large prediction

uncertainty. Using SGLD, the DT-D estimations can easily become nonphysical if it is used on

Evaluation Set 3, and the epistemic uncertainty suggests that the DT-D is extremely uncertain

about its predictions, which can be observed from Figure 6c.

Compared to the episodes in the training set, all the episodes in Evaluation Set 1 and Evaluation

Set 2 start from the same steady state and are initialized by the same type of PSP1 malfunction.

Therefore, at the beginning of each episode, the DT-Ds can accurately predict the reactor behav-

iors with relatively low uncertainty. After the PSP1 stops ramping down, the epistemic uncertainty

becomes larger for the episodes in Evaluation Set 1, since the implemented mitigation strategies

are not covered by those used in the Training Set. The episodes in Evaluation Set 2 are simi-

lar to those in the Training Set and are within the prediction capability of the developed DT-Ds,

so the prediction errors and epistemic uncertainty against Evaluation Set 2 are the smallest. For

the episodes in Evaluation Set 3, mitigation strategies are not injected and the PSP1 malfunction

varies, so they are significantly different from the episodes used for training. As a result, the de-

veloped DT-Ds only fit the very beginning of the third episode in Evaluation Set 3. The prediction

errors and epistemic uncertainty against Evaluation Set 3 are the largest.

The DT-D prediction error is plotted against the epistemic uncertainty estimated in Figure 7,

and the correlations between them are visually evaluated. Figure 7a, Figure 7d and Figure 7f show

that the σ and prediction error are positively correlated. As the epistemic uncertainty elevates,

the corresponding prediction error becomes larger. Moreover, if σ is low, the prediction error is

usually much lower. Based on Figure 7b and Figure 7e, when σ is about 13.5 ◦C for MC dropout

and about 10 ◦C for SGLD, most prediction errors are below 5 ◦C, and no clear correlation between

the σ and prediction error can be extracted. In addition, the DT-D prediction can sometimes agree

with the GOTHIC data when the uncertainty is large, as shown in Figure 7c. As depicted in

Figure 5c, the predicted transient behaviors of these data do not follow the trends simulated by
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(a) Evaluation 1

(b) Evaluation 2

(c) Evaluation 3

Figure 5: Model fitting of FNN-MCD on evaluation data of Case Study 1

GOTHIC. Therefore, although the NNs accurately predict the TPFCLof these data, they should

still be considered not covered. Based on the graphical evaluation, it can be summarized that, if

σ is low, small prediction error would be expected. For predictions with huge σ, they usually

cannot be trusted considering the huge difference between them and the true values and should

not be considered well covered. The uncovered and covered data can be separated from each other

by selecting a proper uncertainty threshold. However, how the uncertainty threshold should be

selected is still subject to investigation.

5.2.3. Selection of coverage thresholds

As discussed, an uncertainty threshold is required to close the workflow. Moreover, an error

threshold is required to evaluate the DCA performance. In Case Study 1, we derive these two

thresholds based on the training results, since we expect optimal performance when the DT-Ds are
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(a) Evaluation 1

(b) Evaluation 2

(c) Evaluation 3

Figure 6: Model fitting of FNN-SGLD on evaluation data of Case Study 1

applied to the training data. If the epistemic uncertainty exceeds the uncertainty against training

data, the corresponding data should be classified as uncovered. The error threshold will be selected

based on the DT-D errors against the training data to determine the true coverage condition.

The mean value is a common metric to characterize the behaviors of a set of instances. The

mean quantity of N instances, ψ̄, is simply defined as:

ψ̄ =
1
N

N∑
i=1

ψi (33)

where ψ will be either σ or AE in this study.

However, the σ and AE against training data usually fluctuate around the mean value, so using

mean values as metrics can be misleading. In this work, the m% bound is an alternate way to
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(a) Evaluation 1 (b) Evaluation 2 (c) Evaluation 3

(d) Evaluation 1 (e) Evaluation 2 (f) Evaluation 3

Figure 7: Correlation between epistemic uncertainty and prediction error (a,b,c: FNN-MCD; d,e,f: FNN-SGLD)

derive the thresholds. The m% bound, ψm, is defined as the quantity satisfying:

m
100

≊
∑N

i=1 I
(
ψi, ψm

)
N

(34)

where N is the total number of instances and I
(
ψi, ψm

)
is defined as:

I
(
ψi, ψm

)
=


1, if ψi ≤ ψm

0, if ψi > ψm

(35)

In Case Study 1, ψ99 will be selected for the corresponding thresholds.

5.2.4. DCA performance evaluation on FNNs

Using AE99 and σ99 as the uncertainty and error thresholds, the DCA performance is quanti-

fied in Table 5. Based on the definitions of σ99 and AE99, some training data will be labelled as

uncovered. Therefore, we expect a small number of false classifications and consider them accept-
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able. As observed from Table 5, if the three evaluation sets are treated separately, most metrics

in the three evaluations are satisfied, except for TNR and NPV in Evaluation Set 2, and TPR and

PPV in Evaluation Set 3. If the three evaluation sets are considered as a whole, both models can

distinguish uncovered data from covered data, and the four metrics selected are larger than 0.95.

Table 5: Confusion matrix and evaluation metrics (using AE99 and σ99 as thresholds)

UQ
Algo-
rithm

Data set NT P NT N NFP NFN TPR TNR PPV NPV

MC
Dropout

Evaluation 1 1426 2442 40 94 0.94 0.98 0.97 0.96
Evaluation 2 2584 0 79 5 1.00 0.00 0.97 0.00
Evaluation 3 88 3809 6 98 0.47 1.00 0.94 0.97
Overall 4098 6251 125 197 0.95 0.98 0.97 0.97

SGLD Evaluation 1 768 3159 42 33 0.96 0.99 0.95 0.99
Evaluation 2 2493 57 104 14 0.99 0.35 0.96 0.80
Evaluation 3 3 3987 4 7 0.30 1.00 0.43 1.00
Overall 3264 7203 150 54 0.98 0.98 0.96 0.99

Evaluation Sets 2 and 3 represent two extreme situations: most data in Evaluation Set 2 can

be covered by the training data and most data in Evaluation Set 3 are uncovered. For Evaluation

Set 2, more than 95% of predictions are TPs. The amount of the other three types of predictions is

small, so the relatively low TNR and NPV may be misleading. Using MC dropout, no prediction

in Evaluation Set 2 is grouped as TN and the number of FNs is extremely low, so TNR and NPV

are even 0. Moreover, the maximum prediction error of FPs is below 5 ◦C, so the performance

may still be considered acceptable.

In Evaluation Set 3, most predictions are TNs. It is worth mentioning that the NN predictions

of uncovered data can sometimes agree with the true value, which leads to a relatively large number

of FNs. Since more than 95% of the data in Evaluation Set 3 are not covered by the training data,

the numbers of TPs and FPs are low. As a result, TPR and PPV are relatively low for Evaluation

Set 3. Therefore, the present method based on confusion numbers may not apply to extreme cases

with a very small amount of positive or negative cases. The requirements on data amount are valid

since data coverage can usually be easily detected in extreme scenarios, while this study focuses

on transients with both covered and uncovered data.
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5.2.5. Summary of Case Study 1

This case study investigates whether epistemic uncertainty can be used to assess the data cover-

age condition. Epistemic uncertainties of FNN-based DT-Ds are quantified using Bayesian learn-

ing. The qualitative analysis finds that there may exist some threshold that can separate accurate

predictions from unreliable predictions.

To evaluate the DCA performance against the three evaluation sets, the values of the uncer-

tainty and error thresholds are tentatively derived based on the training results. The data in Evalu-

ation Sets 2 and 3 are unbalanced, so poor performance in terms of some evaluation metrics may

be misleading and compromise the effectiveness of the proposed DCA approach. When the three

evaluation sets are treated as a single data set, the data are more balanced, and all the evaluation

metrics are satisfied. It should be noted that the results obtained based on the confusion matrix

may not apply to extreme cases with all covered/uncovered data.

5.3. Case Study 2—DCA on RNN and optimization of DCA

5.3.1. Experiment setups

To check the scalability of the proposed framework and demonstrate the optimization process,

Case Study 2 is formulated using GOTHIC data generated by the improved EBR-II model. The

DT-D is developed using RNN, which is better at capturing the time-series data and is used in

the demonstration of advanced NAMAC system [9]. As shown in Table 6, one training data set

and one evaluation data set are used in Case Study 2. The training and evaluation data consist of

more complicated scenarios used in [9] to make the scope of this study consistent with that of the

developed NAMAC system. Detailed episode descriptions can be found in Appendix B.

Table 6: Training and evaluation data used in Case Study 2

Data set
Database Number of

episodes
Characteristics

PSP1 final
speed

PSP2 final
speed

Trigger time
(s)

Training Q8 54 22.2% ≥ 145.8% 50 − 100
> 22.2% 100% − 150% 50 − 100

Evaluation Q8 14 < 22% 100% − 150% 50 − 100
22.2% ≤ 143.8% 50 − 100
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5.3.2. UQ of RNN-based DT-Ds

In Case Study 2, the DT-D is developed using RNN utilizing LSTM cells. DE and SGLD can

estimate the RNN uncertainty. The selected hyperparameters are summarized in Table 7. If DE

is used, the ensembles are constructed by randomly initializing the NNs. In this study, the initial

NN parameter values are sampled from five different distributions, as summarized in Table 8. In

addition, the MSE criterion is compared to the NLL criterion which is recommended for DE [36].

Table 7: Selected RNN hyperparameters in Case Study 2

Model Name RNN-DE RNN-DE-var RNN-SGLD
Number of LSTM layers 2 2 2
Hidden size 128, 128 128, 128 128, 128
Input size 12 12 12
Output size 1 2 2
Sequence length 10 10 10

Learning rate 0.01 (Initial) 0.01 (Initial) 10−4
(
5 × 103 + n

)−0.6

Batch size 1024 1024 64
Weight decay 1 × 10−7 1 × 10−7 1 × 10−5

Optimizer Adam Adam SGLD
Sequence length 10 10 10
Maximum epochs/burn-in steps 10,000 10,000 1,740,000
Loss function MSE NLL NLL
Number of NNs 10 10 400
UQ algorithm DE DE SGLD

Table 8: Initialization of NNs in DE

Initialization Number of NNs

U

(
−

√
1

hidden size ,
√

1
hidden size

)
2

U (−0.1, 0.1) 2
U (−0.2, 0.2) 2
N
(
0, 0.12

)
2

N
(
0, 0.22

)
2

As shown in Figure 8, the predicted µ of training data after UQ can agree well with the truth.

Figure 9 depicts the results when the RNNs are applied to the evaluation data set. Although the

DT-Ds are well calibrated against the training data, many predictions of data in the evaluation set
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become unreliable, and unreliable predictions usually have more significant uncertainty, which are

consistent with the observations in Case Study 1.

(a) RNN-DE (b) RNN-DE-var (c) RNN-SGLD

Figure 8: Model fitting on training data of Case Study 2

5.3.3. Selection of coverage thresholds

σ99 and AE99 are used as the initial guess of coverage thresholds. As shown in Figure 10,

with the initial guess, all three methods can accurately capture the behaviors of data classified as

covered based on a graphical comparison. However, the number of false classifications is high,

and the four metrics are only around 0.9, as summarized in Table 10. Therefore, the uncertainty

estimator and coverage thresholds can be tuned to obtain an optimal performance. This section

demonstrates how the DCA can be optimized.

First, the UQ technique performance is assessed using the ROC curve and corresponding AU-

ROC, based on which the optimal UQ technique is selected. Using AE99 as the error threshold, the

ROC curves of different UQ methods are compared in Figure 11. All the methods perform well

in terms of the AUROC. Although DE methods outperform SGLD, the AUROC of SGLD is still

larger than 0.9, which indicates that SGLD can still be a good method to assess the data coverage.

In this work, the true coverage condition is determined using an error threshold, so the ROC

curve may vary if the error threshold is changed. The AE99 derived for different algorithms are not

the same and may not maximize the AUROC. Therefore, to select the optimal UQ algorithm, it is
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(a) RNN-DE

(b) RNN-DE-var

(c) RNN-SGLD

Figure 9: Model fitting on evaluation data of Case Study 2

(a) RNN-DE (b) RNN-DE-var (c) RNN-SGLD

Figure 10: Model fitting on covered target data of Case Study 2 using RNN (using σ99 as the uncertainty threshold)

necessary to find the maximal AUROC by optimizing the error threshold. Since the NAMAC sys-

tem intends to provide recommendations to reactor operators and should maintain reactor safety, it

is unreasonable to select a large error threshold. Therefore, how the AUROC changes as the error

threshold sampled from 0.1 ◦C to 10 ◦C varies is studied and summarized in Figure 12. RNN-DE-

var shows the largest maximal AUROC, followed by RNN-DE, and RNN-SGLD has the lowest

maximal AUROC. The maximal AUROC of DE using NLL criterion is around 1.0 if the error
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Figure 11: ROC curve and AUROC (using AE99 as error threshold)

threshold is larger than 1.5 ◦C, under which condition it is almost a perfect data coverage assessor.

Although the SGLD performance is worse than the other two methods, its AUROC still exceeds

0.96, so it can still be an acceptable method for DCA. In summary, DE with NLL loss outperforms

the other two methods and will be considered as the optimal UQ algorithm. Although RNN-DE-

var is the optimal model, it will still be compared to other models in the following discussions for

investigation purposes.

Figure 12: AUROC using different error thresholds

For each model, an optimal error threshold will be determined. As shown in Figure 12, the AU-
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ROC of RNN-DE-var does not significantly increase if the error threshold is larger than 1.5 ◦C, so

1.5 ◦C is taken as the optimal error threshold for RNN-DE-var. Considering the trade-off between

AUROC and DT-D error, 2 ◦C is used as optimal error threshold for RNN-DE and RNN-SGLD.

The uncertainty threshold is a critical hyperparameter in DCA. The ROC curve is plotted by

varying the uncertainty threshold, so the AUROC does not inform people of what uncertainty

threshold should be selected. The optimal uncertainty threshold will be determined based on the

misclassification cost defined in Equation 32. The uncertainty threshold is initially proposed to be

derived based on the training results, so the uncertainty threshold is firstly sampled from σ80 to

σmax (σ100). The cost coefficients indicate how false predictions are weighted. As summarized in

Table 9, five sets of cost coefficients are used in this study to vary the weight to false predictions.

As depicted in Figure 13, the number of FPs will increase and FNs will decrease if the uncertainty

threshold becomes larger. Thus the optimal uncertainty threshold may vary if false predictions

are weighted differently. In this work, the safety of the nuclear reactor is vital, so FPs are more

harmful and may lead to disastrous consequences. Therefore cFP should be larger than cFN . If not

specified, cFP = 3 and cFN = 1 will be used in the following discussions.

Table 9: Cost coefficients used in Case Study 2

cFP cFN Interpretation
1 1 FPs and FNs are of equal concern
3 1 FPs are of more concern
1 3 FNs are of more concern
1 0 Only FPs are of concern
0 1 Only FNs are of concern

(a) RNN-DE (b) RNN-DE-var (c) RNN-SGLD

Figure 13: Misclassification cost with different uncertainty thresholds (using the optimal error threshold)
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Although DE is superior to SGLD in terms of AUROC, the misclassification costs using DE

are comparable to the SGLD cost due to the large number of FNs. Using DE, the ensembles of

predictions against training data have low variance, so the uncertainty threshold derived based

on the training results would be small. As a result, numerous target data that can be accurately

predicted are not assessed as covered due to the low uncertainty threshold, and the number of FNs

becomes huge. If the uncertainty threshold continues to increase beyond the range [σ80, σmax], it

is reasonable to expect that the number of FNs and the total misclassification cost will decrease.

Figure 14 illustrates how misclassification costs change when the uncertainty threshold is se-

lected from an extended range. As the uncertainty threshold increases from σmax, the SGLD cost

continues to increase and those of DE will decrease. In addition, the minimal DE costs will be

much smaller than the SGLD cost. However, the optimal uncertainty threshold for the DE method

will be much larger than the training uncertainty. It should be noted that true epistemic uncertainty

is usually unknown and all the UQ techniques only provide estimations based on specific assump-

tions, so it is difficult to select the uncertainty threshold based on expert judgment. The epistemic

uncertainty against the training data might be the best knowledge people can get. Thus, people

should be careful when an uncertainty threshold much greater than σmax is selected.

Figure 14: Misclassification cost using large uncertainty thresholds (cFP = 3, cFN = 1)

5.3.4. Performance evaluation of DCA on RNNs

The confusion matrix results with the initial guess and after each step of optimizations are

summarized in Table 10. Using AE99 and σ99, which are derived based on the training results, the
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RNN-DE performance is the best but is still not satisfactory. With a given UQ algorithm, the op-

timization process starts from the optimization of the error threshold. The optimal error threshold

leads to the maximal AUROC and effectively reduces the number of FPs. However, it significantly

increases the number of FNs. To reduce the number of false predictions, the uncertainty threshold

is optimized by minimizing a defined misclassification cost. If the optimal uncertainty threshold is

searched based on training results, the misclassification costs of DE methods do not see the local

minimum, as shown in Figure 13, and the number of FPs remains large after the optimization.

Therefore, the search range for the uncertainty threshold is extended beyond the training results.

With the extended range, the misclassification costs of DE methods can be reduced to low levels.

For SGLD, the initial guess of the uncertainty threshold (σ99) is already close to the optimal one,

so the optimization of the uncertainty threshold does not significantly improve the performance.

After the optimization process, RNN-DE-var shows the best performance, which is consistent

with the results of the AUROC comparison. Using the optimal coverage thresholds, RNN-DE-var

can effectively distinguish a covered target from an uncovered target with few misclassifications.

The four evaluation metrics selected are also close to 1.

36



Ta
bl

e
10

:C
on

fu
si

on
m

at
ri

x
an

d
ev

al
ua

tio
n

m
et

ri
cs

M
od

el
E

rr
or

T
hr

es
ho

ld
U

nc
er

ta
in

ty
T

hr
es

ho
ld

N
T

P
N

T
N

N
F

P
N

F
N

T
PR

T
N

R
PP

V
N

PV

R
N

N
-D

E
A

E
99

σ
99

31
56

69
95

47
9

94
8

0.
77

0.
94

0.
87

0.
88

O
pt

im
al

σ
99

36
35

57
66

0
21

77
0.

63
1.

00
1.

00
0.

73

O
pt

im
al

O
pt

im
al

(t
ra

in
in

g
re

su
lts

)
44

38
57

53
13

13
74

0.
76

1.
00

1.
00

0.
81

O
pt

im
al

O
pt

im
al

(e
xt

en
de

d
ra

ng
e)

57
44

56
03

16
3

68
0.

99
0.

97
0.

97
0.

99

R
N

N
-D

E
-v

ar
A

E
99

σ
99

29
90

71
51

97
8

45
9

0.
87

0.
88

0.
75

0.
94

O
pt

im
al

σ
99

39
68

58
05

0
18

05
0.

69
1.

00
1.

00
0.

76

O
pt

im
al

O
pt

im
al

(t
ra

in
in

g
re

su
lts

)
42

19
58

05
0

15
54

0.
73

1.
00

1.
00

0.
79

O
pt

im
al

O
pt

im
al

(e
xt

en
de

d
ra

ng
e)

56
87

58
02

3
86

0.
99

1.
00

1.
00

0.
99

R
N

N
-S

G
L

D
A

E
99

σ
99

30
82

69
95

90
9

59
2

0.
84

0.
88

0.
77

0.
92

O
pt

im
al

σ
99

38
03

65
02

18
8

10
85

0.
78

0.
97

0.
95

0.
86

O
pt

im
al

O
pt

im
al

(t
ra

in
in

g
re

su
lts

)
40

45
64

69
22

1
84

3
0.

83
0.

97
0.

95
0.

88

O
pt

im
al

O
pt

im
al

(e
xt

en
de

d
ra

ng
e)

40
32

64
71

21
9

85
6

0.
82

0.
97

0.
95

0.
88

37



6. Conclusion

In this work, data coverage conditions of NN-based DT-Ds in the NAMAC system are as-

sessed based on the epistemic uncertainty of neural networks. The quantified epistemic uncer-

tainty is characterized by the standard deviation of the predictive distribution and compared to an

uncertainty threshold to assess the data coverage condition. A confusion matrix is constructed

to evaluate and optimize the DCA performance. Different UQ algorithms are compared, and the

optimal one is selected based on AUROC. The uncertainty threshold is optimized by minimizing

a misclassification cost.

In this work, two case studies are formulated. The training and evaluation data are generated

by GOTHIC simulations under different scenarios. FNNs and RNNs are used to develop the DT-D.

The epistemic uncertainty of an FNN-based DT-D is quantified using the MC dropout and SGLD,

based on which uncovered data can be distinguished from covered data. With an initial guess of the

coverage thresholds based on the training results, results from four evaluation metrics all exceed

0.95, indicating a satisfied performance of the proposed DCA approach. For an RNN-based DT-

D, the epistemic uncertainty is determined by DE with MSE loss, DE with NLL loss, and SGLD.

With the thresholds derived from the training results, the DCA performance is not satisfactory and

needs further improvements. By optimizing the thresholds, the DCA performance is significantly

improved, and most evaluation metrics reach 0.95. The results after optimization suggest that DE

with NLL loss outperforms both SGLD and DE with MSE loss.

The case studies suggest that epistemic uncertainty can be used to assess the data coverage of

NN-based DT-Ds. However, the coverage thresholds derived based on training results only apply

to FNN-based DT-D developed for scenarios with two manipulated variables. For an advanced

NN like RNN used for more complicated scenarios, the thresholds need optimization to achieve

the same level of accuracy as the DCA results for FNNs. Future works will focus on more accurate

characterization of epistemic uncertainty and other potential methods for DCA, such as distance-

based and density-based methods.
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Appendix A. Nearly autonomous management and control system

The Nearly Autonomous Management and Control (NAMAC) system refers to a system de-

veloped to output recommendations based on human knowledge, digital twins (DTs), and specific

operational workflow [7]. In the NAMAC system, DTs are essential components used to support

the NAMAC functions. DTs are developed based on the knowledge base using machine learning

(ML) algorithms. The key DTs in the NAMAC system include:

• DT for Diagnosis (DT-D): The DT-D is used to evaluate the complete states of a physical

system. In a physical system, some information, such as the states of unobservable variables

and fault conditions, cannot be directly measured. Data-driven methods, such as artificial

neural networks and support vector machine, are becoming popular in the DT-D develop-

ment. Those methods are applied to capture the relationship between correlated variables

such that the complete states can be restored. Figure A.15 shows the scheme of data-driven

DT-D model used in the NAMAC system.

Figure A.15: Scheme of data-driven DT-D model [7]

• DT for Strategy Inventory (DT-SI): The major objective of DT-SI is to provide a list of avail-

able actions based on the diagnosed system states and the design limits of the system. Many

approaches can be used to implement DT-SI, such as grid-based algorithms and artificial

intelligence declarative approaches.

• DT for Prognosis (DT-P): The DT-P is developed to provide forecasts of system states based

on historic information and current states. Data analytical models [50], model-based meth-

ods combined with probabilistic risk analysis framework [51] are implemented in similar
44



applications. Data-driven models are now gaining popularity because of their high accu-

racy and low computational cost [52]. In the developed NAMAC system, NNs are used to

develop the DT-P. Figure A.16 depicts the scheme of data-driven DT-P model used in the

NAMAC system.

Figure A.16: Scheme of data-driven DT-P model [7]

• DT for Strategy Assessment (DT-SA): The DT-SA ranks the values of control actions based

on the possible consequences predicted by the DT-P. In addition to the future states, prefer-

ence structure is also input to the DT-SA.

The NAMAC system has been demonstrated based on the Experimental Breeder Reactor II

(EBR-II) automatic controls during a single loss-of-flow accident scenario. The corresponding

operational workflow of the NAMAC system is shown in Figure A.17. In the demonstration, a

GOTHIC plant simulator models the EBR-II reactor. The plant simulator is used to simulate the

reactor behaviors during both normal and accidental conditions, which will be used as training and

testing data to develop the DTs.

The sensory data are collected from the reactor and utilized by the DT-D. Processing the ob-

servable states, the DT-D recovers the complete conditions of the reactor. The unobservable safety-

significant factors estimated by the DT-D are then used by:

1) DT-P to forecast the future of reactor

2) DT-SI to list the available actions

3) discrepancy checker for continuous monitoring.
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The complete reactor states restored by DT-D and available control actions identified by DT-

SI are fed to DT-P. The DT-P can then predict the future reactor states over a certain time range.

Based on the DT-P outputs, the optimal strategies can be determined by DT-SA.

Figure A.17: Operational workflow of the NAMAC system [7]

In the operational workflow, DT-D is one of the essential DTs, since it estimates the unob-

servable safety-significant factors to restore the complete reactor states. DT-P is another essen-

tial component, its outputs are used to determine the recommended operator actions that may be

adopted to control the plant. A SCRAM signal may be generated if no operator action satisfying

the safety limits can be recommended or the discrepancy between the DT-D and DT-P predictions

exceeds the limit. If the reliability of DT-D and DT-P is not accurately assessed, the reactor may

fail to SCRAM under accidental conditions, and severe accidents may be caused by the harmful

actions recommended. Therefore, the trustworthiness of these DTs should be properly evaluated.

NNs are now gaining popularity due to their impressive regression power, so they have been

selected to develop DT-D and DT-P models. In this demonstration, both the DT-D and DT-P are

developed using feedforward neural networks [7]. Considering that the data used in the demon-

stration come from transient episodes, recurrent neural networks (RNNs), which are more suitable

to deal with time-series data, are used to develop the DT-D model[8]. Since the development of a
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traditional RNN does not guarantee the conservation of physics, a physics-guided RNN improves

the DT-P performance [10]. To evaluate the trustworthiness of those NN-based DTs, DCA should

be integrated into the NAMAC system.

Appendix B. EBR-II transient scenarios and GOTHIC simulations

The EBR-II was a fast reactor located in Idaho and operated by Argonne National Laboratory

[53]. It was initially used to demonstrate a breeder reactor requiring only U-238. The primary

coolant system of EBR-II is illustrated in Figure B.18. The sodium in the primary tank is trans-

ferred to the reactor by two primary sodium pumps (PSPs). The sodium then flows through the

inner core and extended core regions from the high-pressure inlet plenum. The hot sodium is

mixed in the upper plenum and fed into the intermediate heat exchanger (IHX) through the Z-

pipe. An auxiliary electromagnetic (EM) pump is equipped in the Z-pipe. The sodium will flow

back to the primary pool after exiting the IHX and will be drawn by PSPs again. The IHX will

transfer the core heat to the intermediate loop and finally to the steam generators using the sodium

in the intermediate loop.

In the NAMAC system, the behaviors of EBR-II in this work are simulated by GOTHIC [54].

GOTHIC is a thermal-hydraulic analysis tool bridging the gap between system-level thermal-

hydraulic codes and computational fluid dynamics codes [49]. The simplified EBR-II model

constructed using GOTHIC is depicted in Figure B.19. The GOTHIC EBR-II model has been

benchmarked to SHRT-17 and SHRT-45R tests. It is demonstrated that GOTHIC simulations and

experimental results agree well for the reactor power, reactivity feedback, flow rate for primary

pumps, and temperatures of core outlet and Z-pipe inlet [49].

The NAMAC system is demonstrated based on case studies designed for a single loss-of-

flow accident of EBR-II. The reactor is initially operating at nominal power, and the two PSPs

work with nominal rotational speed. The accident transients are triggered by PSP #1 (PSP1)

coasting down. The NAMAC system finds available control actions and recommends the best one

by predicting the consequences of each action. The available control actions considered in the

NAMAC demonstration are increasing the rotational speed of PSP #2 (PSP2).

47



Figure B.18: EBR-II primary tank [53]

In this work, three databases are used. Table B.11 summarizes the characteristics of these

databases where the pump speeds are represented in terms of the nominal values. The episodes

in databases “aa01” and “ba01” are used in the Q4 NAMAC demonstration. They are generated

using the “simp007” model. The “simp016” model provides data used in the Q8 NAMAC demon-

stration, which are referred as the Q8 data base and are used in Case Study 2.

For the episodes in database “ba01”, PSP1 ramps down from the nominal state, and the rota-

tional speed of PSP2 is not increased to mitigate the accidents. The episodes will be characterized

by the final PSP1 speed and the ramping time. 32 different PSP1 final speeds and 32 different

PSP1 ramping times are randomly sampled from the given range. In total, 1,024 episodes are

generated using GOTHIC.

For the episodes in database “aa01,” the PSP1 ramps down to initialize the accidents, and the

rotational speed of PSP2 will be increased to the designated value if the trigger temperature is

reached. The ramp-down behaviors of PSP1 are the same for all the episodes, and the episodes

vary in terms of the trigger temperature and PSP2 final speed. 1,024 episodes are simulated by
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Figure B.19: Simplified GOTHIC EBR-II model [49]

randomly sampling the trigger temperature and PSP2 final speed.

The episodes in database “Q8” start from PSP1 ramping down within a fixed time. The four

characteristics, PSP1 final speed, PSP2 final speed, PSP2 ramping up trigger time, and EM pump

status, are randomly sampled from the given ranges. 5,000 episodes are generated for database

“Q8.”

Table B.11: Descriptions of databases used

Database EBR-II Model Scenario Description Manipulated Variables
ba01 simp007 PSP1 ramps down PSP1 final speed [0%, 100%]

PSP2 keeps constant PSP1 ramping time [0 sec, 500 sec]
aa01 simp007 PSP1 ramps down PSP2 final speed [100%, 150%]

PSP2 ramps up Trigger temperature [600°C, 700°C]
Q8 simp016 PSP1 ramps down PSP1 final speed [0%, 100%]

PSP2 ramps up PSP2 final speed [100%, 150%]
Trigger time [50 sec, 100 sec]
EM pump status (On or Off)
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