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Abstract

Gray-Box (GB) models are being considered for risk monitoring of Small Modular Reactors
(SMRs). Their effectiveness is linked to the proper selection of the model parameters. This
paper proposes a systematic methodology for identifying the most influential parameters of
a GB model for estimating safety-critical variables of an SMR during normal operation and
accident scenarios. The GB integrates a reduced-order physics-based model (White-Box,
WB) with a data-driven (Black-Box, BB) model that corrects the outputs of the WB using
the condition-monitoring data collected by sensors positioned onto the SMR. The proposed
method combines signal decomposition, specifically the Hilbert-Huang Transform (HHT),
and global sensitivity analysis (SA), based on first-order Kucherenko indices, to quantify
the contribution of non-stationary, correlated GB input parameters to the variability of
the safety-critical output parameters of interest. The proposed approach is applied to the
Small Modular Dual Fluid Reactor (SMDEFR), and the obtained results demonstrate its
effectiveness in identifying informative and physically interpretable features, reducing
complexity and computational burden to enable real-time risk monitoring.

Keywords: Small Modular Reactors; risk monitoring; gray-box modeling; global sensitivity
analysis; Hilbert-Huang transform; Kucherenko index

1. Introduction

Risk monitoring relies on timely and accurate estimations of the values of safety-critical
parameters [1-3]. The compact core design of Small Modular Reactors (SMRs) challenges
in-core sensor placement for directly measuring the values of safety-critical parameters
for risk monitoring [4,5]. Virtual sensing [6,7] can be adopted for enabling the estimation
(and prediction) of safety-critical parameters not directly measurable [8]. For the needed
estimation accuracy and interpretability, Gray-Box (GB) models can be used, strategically
combining physics-based White-Box (WB) models [9] with data-driven Black-Box (BB)
models [7,10,11] to achieve transparency (WB) and computational efficiency (BB) [12,13].

GB models require a proper input parameter selection to obtain the expected benefits
of output explainability and generalization capabilities with end-user trust, which are
required for application in the nuclear power industry [14-16]. The systematic identifica-
tion of physically meaningful and informative inputs for GB modeling is a critical issue,
especially in the context of SMRs, because (i) input parameters (e.g., fuel and coolant
temperature, mass flow rates) may show strong correlations, nonlinear behavior and
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non-stationarity [17-19] that may increase model complexity and reduce the GB model’s
interpretability; (ii) during transients, the characteristics of the inputs change since their
evolution is non-stationary [1,2,20]. Proper feature extraction and sensitivity analysis
(SA) techniques are then needed to determine the subset of informative input parameters
that most contribute to the variability in the GB model output [20-25]. Various feature
extraction techniques have been proposed for BB models, like embedded regularization
techniques such as LASSO for sparse variable identification [26], dimensionality reduc-
tion approaches such as Principal Component Analysis (PCA) and Partial Least Squares
(PLS) [27], and SHapley Additive eXplanatory (SHAP) values for input relevance ranking in
regression tasks [28].

In this work, we propose a systematic methodology for identifying and selecting
physically relevant, minimally redundant and dynamically informative input parame-
ters to be fed to the BB model of the GB model used within a framework of SMR risk
monitoring. The methodology integrates nonlinear time-series feature extraction with a
global variance-based SA. The deployment of the approach consists of two steps. First,
the Hilbert-Huang Transform (HHT) [29,30], a hybrid empirical model decomposition,
is applied to the nonlinear and non-stationary condition-monitoring data to extract In-
trinsic Mode Functions and instantaneous spectral features of the monitored parameters.
These features serve as a refined representation of the reactor’s dynamic behavior un-
der transient and accident scenarios. Second, a global SA using first-order Kucherenko
indices [31] is performed to quantify the contribution of each feature of the monitored
parameters to the variability of the relevant safety-critical output parameters. Unlike clas-
sical Sobol indices [32], Kucherenko indices explicitly address correlated inputs, making
them particularly suitable for SMR operational environments. This methodology, as a
whole, enables the identification of a physically meaningful and interpretable set of mea-
surable variables for GB model development, thereby improving model transparency and
computational efficiency.

An application is shown with reference to the Small Modular Dual Fluid Reactor
(SMDEFR), a next-generation SMR concept characterized by compact design and, thus, with
limited sensor placement feasibility. The obtained results demonstrate the capability of
the methodology in identifying a subset of sensitive and physically meaningful features,
thereby reducing the GB model’s complexity and improving its computational efficiency,
rendering feasible its use for risk monitoring purposes; the method is applicable to different
designs of Nuclear Power Plants (NPPs), and is most useful for SMRs, whose design
challenges in-core sensor placement.

The rest of the paper is structured as follows: in Section 2, the GB model for multi-
step-ahead time-series forecasting and risk monitoring is presented; Section 3 introduces
the proposed feature extraction and SA methods; Section 4 describes the SMR case study;
Section 5 shows the numerical results; and Section 6 concludes the paper with some
final remarks.

2. Problem Formulation

We consider the risk monitoring of an SMR in relation to a safety-critical parameter y
(e.g., Peak Cladding Temperature (PCT)) which may not exceed a certain threshold value
during operation. The dynamics of the non-measurable safety-critical parameter y can be
modeled as:

y(t) = g(x(t),u(t),0) ©)

where x(t) = [x1(¢), x2(¢), ..., xm(t),..., xp(¢)]" is the vector of M measurable input pa-
rameters (e.g., pressure, temperature, flow rate) at time ¢, u(t) are variables affecting
process evolution (e.g., coolant leakage rate during a loss-of-coolant accident) at time ¢ and
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0 is the vector of design parameters (e.g., heat transfer area, core geometry, fuel/coolant
composition properties).

If considering time as a discrete independent variable, t = to,t1,...,t4,...,tN, Where
to = 0,ty — t,—1 = At and ty is the end time of the transient considered, and treating
each variable x,, as a time-series signal for which historical observations x,; (t;—y+1 : ts)
over a window of length r are collected by sensors in X(t, ,,1 : t,) € RM*", a multi-step-
ahead GB model (see Figure 1) [33] can be developed to predict the s-steps-ahead output

Hep(tn t tnys) of y(ty : tyys) € R%:
Jap(tn : tnts) = Gwp(tn © turs) + BF(tn : tats) 2)

where f is the output of a reduced-order physics-based WB model, which is fed by 6,
u(t,) and the projection up to time ¢, estimated by a BB model. The term Aj is the WB
model discrepancy (error correction) between the WB model output and y. The WB model
is an approximation of the SMR physics, as follows:

Ywp (tn : tuts) = fws(x(tn), u(tn : tnys), 0) 3)

where fiyg(-) retains the essential governing reactor physics, whereas the prediction dis-
crepancy Ay is defined as:

Ay(tn s tnys) = y(tn  tnrs) — ywp(tn : tngs) (4)
[’} u(ty,)
|
A 4
SMR
90)

I

X(tn-r+1: tn) x(tn)

U(tps1i tnts)

BB model WB model
feB(") fws()
T
AY(tns1:tnss) Ywe(tns1: tnss)
1 :l ) \: |
GB output

yGB (tn+1: tn+s)

Figure 1. GB modeling for multi-step-ahead estimation of the safety-critical variable y.

In a GB-based framework for risk monitoring [33], Aj and u can be estimated by a
data-driven BB model fgg(-) as follows:

YeB(tn : tnts) = fBB(X(tn—rt1:tn)) (5)

where X(t,_,41 : t,) € RM*" corresponds to the memory matrix and fgp : RMxr _, R2xs,
The BB model is developed to simultaneously approximate the discrepancy Ay and the
variable u (i.e., Ygg = [A7, ﬁ]T) required for the WB model estimation (Equation (3)), based
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on r available observations taken from the monitored data. Given the above formulation,
the objective of the present work is to identify and select an optimal subset of input variables
x* C x that explain most of the variability in both Ay and u. Selecting such a subset is
essential for the efficient implementation of fgp(-) within the GB model, thereby ensuring
reduced computational complexity and enhanced predictive performance for real-time risk
monitoring of the SMR.

3. The Proposed Methodology

The proposed methodology is sketched in Figure 2. First, HHT is applied to the
time series of the signal measurements in Ny available accident scenarios [29,30]. Without
loss of generality, it is assumed that each accident scenario d € Nj is initiated at a fixed
time t; < ty and lasts until time {5, with the measurements being taken at discrete time
t =ty tg+ At,..., ty, ..., tN with constant timestep Af. For each scenario d, both measured
variables X(t,_,+1 : t) and input signals u(t,,11 : t,45) are collected, using fixed r (memory
window length) and s (prediction window length) with time indexn = r,..., N — s (see
Figure 3). At each timestep t,, the SMR model g(-) and the WB model fyg(-) are evaluated
to compute the output vector Ypg(ty : ty4s) to be used as the target output of the BB model
(see Section 2). Feature extraction is then performed on both the input X(t,_,1 : t,) and
the target output Ypg(ty : ty4s) of the BB model using HTT [30] (see Section 3.1).

State variables Input signal Parameters
X(tn—rs1:tn) U(tns1:tnss) [ x(t,) Utnsritnes) @ x(t,) Utnsr: tuss)
SMR WB model
90) fws()
Y(tnsr: tuss) Ywa(tns1: tuis)
fany
A 74

| Ay(tniiitnss) = Y(tnra: tnss) = Yws(tn1i tuss) |

Concatenate

i BB model output

BB model input Yan(tuer trrs) = Ay(tn+1:tn+s))
candidates EESSH U(tne1i tnts)

—

Identification of decomposable
input/output features

! !

Feature extraction
(Section 3.1)

2xs

Extracted features of Extracted features of
input variables output variables
fm fi

Global Sensitivity Analysis
(Section 3.2)

l Ko Ky, first-order Kucherenko index matrix

Selection of relevant inputs
(Section 3.3)

Output: | XrCx | x": proposed set of GB model inputs
x: ilable set of inputs

Figure 2. Proposed methodology.

https:/ /doi.org/10.3390/jne7020034


https://doi.org/10.3390/jne7020034

J. Nucl. Eng. 2026, 7, 34 5 of 26

g Records
:8 ) | d=Ng
N . . , : : d=1
= LA
to .. tg query time (t,) ty
Memory window <
X(tqors1itq) | tarer | Fltgren)
» | to feature extraction
tq f(tg)
o
2 q
‘8 s Record
R d=1
3 ey i A I
O I I T 1
to .. tg query time (t,) ty
Prediction window L
Yep(tyitqes) | tan f(tqrs)
* | to feature extraction
tq+s f(tq+s)

Figure 3. Data collection for feature extraction.

During a second step, a global SA based on Kucherenko indices K} 4 [31] is performed
on the extracted features p € V (input variables) and g € W (output variables), where V
and W are the full sets of HHT-based features extracted from the inputs and the target
outputs, respectively (see Section 3.2). The input selection is performed by aggregating
the computed sensitivity indices K, ; from the feature space to the physical input/output
parameter space. An aggregation strategy is employed in the framework of multi-output
sensitivity analysis [34] to select a physically robust subset of BB inputs x* C x (see
Section 3.3). The relationships among the extracted features, sensitivity indices, and the
final input selection are schematically summarized in Figure 4.

Signals and indices
Inputs: @m(t), m=1,...,.M

BB outputs: ypp,;(t), j=1,...,J

Decomposable signal (EMD decomposi-
tion)

| i (t) = S cm,i() +74(t)

L
yBB,;(t) = 3,2y ¢ju(t) +7u(t)
IMF counts: |In| > 1, |Lj| > 1

IMF features and Hilbert transform
(m) _ [ ¢(m) (m)

£ = L1 Y

5 = [[ccodi]

THe(®)} = (a(®),w(t))

Feature vectors

Datasets

For scenario d € Ng and time index n =
Tyeoon N —s:

van = [f (tn), .- fm(tn)] € RV

wan = (£ (tn), .., £ (tn)] € R*W

| W = {wan} e vy,

V= {van}a1,. Ny n

Ve RNXIVI W e RN
Feature indices: p€ V, g€ W

Feature groups by physical variables
Vim)cV, W@ cw

V=UM v(m), W=UL,W()
(groups are disjoint by construction)

Kucherenko sensitivity index
Ky, — Var[E (W, | V,)]

P Var(i)

Contribution of input feature p to output fea-

ture g

!

Group-level aggregation
bqi?q = maXpev (m) Kp.q

> ) _ (7)
2 = ) Sewin e

Figure 4. Schematic overview of the relationships among the variables and the symbols (Section 3).

m* = arg max,, K; )

Final ranked BB inputs

K; = maxy, (K)

x" = {m* g I&i"') = max; K}i)}
jeJ

Selected measurable subset: x* C x

!

Use in GB framework
BB model uses x* as physical measurable in-
puts to predict Ay and auxiliary outputs

Color notation
Stage A (Section 3.1)

[ |stage B (Section 3.2)
[ |stage © (Section 3.3)
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3.1. Feature Extraction Using Hilbert—-Huang Transform (HHT)

HHT is employed to extract representative time-frequency features prior to the SA of
the nonlinear and non-stationary model of the input and output signals [29,30]. The HHT is
an adaptive and data-driven feature extraction technique that decomposes signals through
an Empirical Mode Decomposition (EMD) method, producing Intrinsic Mode Functions
(IMFs) that inherently reflect true local oscillatory modes without relying on predefined
basis functions [30]. This makes the HHT particularly suitable for feature extraction and
denoising of nonlinear and non-stationary signals [29].

Without loss of generality, the vector of extracted features for each m-th input and j-th

output are denoted as:
T
f, = {ﬁ’ﬂ),...,ﬁm),...,ﬁ:)} ©6)

=t ) )

respectively, where f,, contains the vector of extracted features ffm) of the i-th IMF of
the m-th input feature, i = 1,...,I;. To obtain IMFs on a certain input feature m, the
time-series signal must exhibit oscillatory content (i.e., a set of local extrema) so that the
EMD can be applied [30,35]. For this reason, the signals are preprocessed to identify the
non-decomposable input features. For each non-decomposable input signal (x;,), the set of
extracted features includes the slope coefficient of linear regression (ﬁm), mean (£, 1) and
standard deviation (£,,2). In this case, then, the vector of input features renders:

ffm) = (B R, £ 2] (8)

with I, = 1, thus f,, = ﬁm). For those decomposable input and output features, the
EMD is conducted and a total of | [,;,| and | J;| IMFs are extracted, respectively, satisfying

|In| > 1, |J;|> 1. For each extracted i-th IMF of the m-th input, the vector of features ffm)
is expressed as:

1= (At 1) ©)

where ffm) € R, and fi(zi) € R correspond to the v-th extracted feature of the i-th IMF,
where v =1, ..., V;. Similarly, the extracted features of the j-th output can be defined as:

. . 1T
fi= [f(l]),...,ff]),...,fg)} (10)

ﬁj) = [ 17 flw’ fz(,{/)v,} (11)

For those signals of input x,,(t) and output ygp ; that are decomposed via EMD, the
IMFs satisfy:

I

Xm(t) =Y cpi(t) +7i(t) (12)
i—1

yBa,j(t 2 cji(t) +r(t (13)

where ¢, ;(t) and c;j;(t) are the i-th and I-th IMFs capturing oscillatory behaviors at a
characteristic frequency, and r;(¢) and r;(t) the residual trends. The Hilbert transform is
applied to each extracted IMF c(t) by introducing the operator 7 as follows:

T{e(t)} = (a(t), w(t)) (14)

https://doi.org/10.3390/jne7020034


https://doi.org/10.3390/jne7020034

J. Nucl. Eng. 2026, 7, 34

7 of 26

where a,, ;(t) (aj;(t)) corresponds to the Instantaneous Amplitude (IA) of the i-th IMF of
the m-th signal at time f and wy,; (wj, (t)) corresponds to the instantaneous frequency (IF)
of the i-th IMF of the m-th input (output) signal at time ¢. The operator 7 performs the
Hilbert transform, the calculation of the analytic function and the extraction of the IA and
IF (see [30]). Selected features, including mean IA (a,, ;), IF («,, ;) and Energy (e, ;) are
extracted for each IMF and stored in ﬁm) or f<j ), correspondingly (see Section 4):

ffm) = [Em,ir wm,i/ Em,i] (15)

ﬁ]) = {ﬁj’[,w]ﬂ,éj’l} (16)

This procedure allows us to capture the nonlinear and transient dynamics of the

reactor parameters, serving as explanatory input variables for the global SA, GSA (see

Section 3.2). These features are not intended for direct physical interpretation by operators;

rather, they are used internally for input selection (see Section 3.3). The final GB model

operates on selected physical input variables, and interpretability is ensured through SHAP
analysis in the input space (see Section 5.3).

3.2. Calculation of the Kucherenko Indices

Kucherenko indices are an extension of the standard Sobol indices for SA that can
handle correlated inputs [31]. The dependent variables ygp for the GSA contain the avail-
able residual error data Aypp and the safety-critical inputs u. The aim is to quantify the
contribution of each feature f,, extracted from BB input vector x (and, by aggregation,
of each physical/measurable input x;,) to the variance of ypp extracted features f; while
accounting for correlations among features.

For each accident scenario d € N; and query time index#n =r,..., N — s, the extracted
feature vectors from all BB input signals are concatenated:

Oan = (A (1), S (1) (7)

where v, ,, € RLV. Stacking all samples across all Ny scenarios produces the dataset V:

V= {vdr”}dzl,..‘,Nd; n=r,...,N—s (18)

where V € RN*V_ The extracted features are stored in the dataset V, collecting the samples
for the query times indexed n =r, ..., N — s, for each accident scenario d € N;. Likewise, the
corresponding BB model output increments Ay(t,11 : ty+s) and control signal u(t;,41 : tyts)
(thus forming ¥pp) are obtained to extract output features f;, stored in matrix :

Wan = [ (), ofF ()] (19)

W = {wd," }dzl,...,Nd; n=r,...,N—s (20)

where w;, € RI'W, and W € RN*V. After processing all Ny scenarios and N query
indexes for each d-th scenario, the first-order Kucherenko indices K 4 are computed in the
feature space using matrices ¥ and W, as follows:

_ Var [E[Wy|V]]

Kp'q - Var [Wq] 1)

The sensitivity indices K, ; are obtained for each feature p € V and its contribution
to features g € W, where V and W correspond to the set of extracted features from the
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BB input and output, respectively. As the analytical calculation of K, ; in Equation (21) is
cumbersome [36], in this work we adopt the sample-based approach proposed by [36,37].

3.3. Selection of BB Model Inputs

The selection of the subset of measurable quantities (x* C x) that will serve as inputs
to the BB model is performed based on K, ;, where p € V are the features extracted from
the measurable inputs x;;, and g € W are those extracted from the BB outputs. In practice,
each measurable input x,, is represented by a group of extracted features (V(m) C V),
where V(m) are disjoint sets satisfying V = U,,—1 . V(m), and, similarly, each j-th BB
output is associated with a set of extracted features (W(j) C W), with W = U;—y . ; W(j)
and j € {1,2}. The BB input selection problem reduces to ranking the BB inputs by
accounting for all features of a given BB output by a group-level sensitivity index [34,38]
that aggregates feature-level sensitivity information K, 4 into a single metric br(,];?q for an
m-th input and j-th BB output by taking the maximum K}, ; across the input features p
belonging to the group V(m).

To do that, for each measurable input (x;;) and for each output feature (7 € W(j)), we
first evaluate the most influential contribution among all features extracted from x,;,:

b,SQq = max Kp, (22)
pev(m)

)

where b,(élq measures the maximum sensitivity index of input x,; to the variance of the
specific output feature 4. Then, a group-level score is computed

() _1 ()
o = gy L < wp P @

that quantifies the average explanatory power of the measurable input (x;,) of the j-th BB
output (i.e., m* = argmax(K,(qi)) is the input feature that explains j-th output variability
m
better than any other input m # m™).
To obtain a robust ranking of measurable inputs accounting for multiple BB outputs,
the index Kﬁ,ﬁ) is obtained for each BB output:

K]* = max (K,Sp) (24)

In this way, the proposed strategy for the selection of x* rewards those signals that
offer an overall advantage in terms of K, ; to explain the variability of each output feature.

Therefore, x* can be extracted by considering x* = {m* : KT(,Q = max (K,(,]Z)) } .
m ]e]

4. Case Study

The methodology is applied with reference to the SMDER case study [39,40]. Given
the lack of experimental datasets, a High-Fidelity (HF) model is used as a proxy of the
state-space model (g(-)) for generating data. The HF model is taken from [40]: it consists
of a nodalization for each circuit of L = 12 nodes, h = 1,..., N;,. For each h-th node, the
fuel temperature TJ’} (t), the piping wall temperature T/ (t) and the coolant temperature

profile T (t) are calculated along with the coolant mass flow rate (MQ (). The safety critical
parameter considered for risk monitoring is the maximum temperature within the tube
piping system Tp,(t) at time ¢ (i.e., a proxy of PCT):

y(t) = Tp(t) = maxTy () (25)

https://doi.org/10.3390/jne7020034
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We consider as the Initiating Event (IE) the occurrence of a loss-of-coolant accident
(LOCA) in the primary coolant loop, in line with [40]. The considered variable u(t) and
system design parameters 6 for the accidental scenario modeling are listed in Table 1.

Table 1. List of input variables and system design parameters.

Symbol Notation Description
Input variable (u(t)) Mieak (1) Coolant mass flow leakage rate
mﬁ,nom Nominal coolant mass flow rate in the h-th node
M nom Nominal mass contained in the h-th node
My nom Nominal total mass of coolant
Vector of system design t Failure time
parameters (6) Kieak Scale parameter
Aleak Shape parameter
Bleak Scale parameter
€ Signal disturbance

To mimic a realistic dataset, we simulate the LOCA as in [41], assuming at time ¢; the
onset in the primary coolant circuit with rate e, (f) and random white noise (€):

1
. (F — t.) Bleak — .
teax (F) = {Bleak Kieak - ( (t)f) leak — Kjgai + € i ;i? (26)
f

where Kiear ~ U <k1eakf1eak/) ,€ ~ N(0,0¢), Ateak ~ U(Aeaks Ateak) Bieak ~ U (Bieaks Break)-

Excessive overheating during a LOCA is prevented by the activation of the Protection
System (PS) that consists of an Auxiliary Cooling System (ACS) that supplies coolant mass
flow rate macs(t). The resulting net coolant mass flow rate 71, net(t) is given by:

mK,net(t) = mACS(t) - mleak(t) (27)

The variables x =  Mjeak, Tjﬁ 127 Tijins T;ﬁ,lz} that can be measured at each At by means
of in-place sensors suitable for metal-cooled SMRs [42] are listed in Table 2.

Table 2. List of measurable variables (x) and system output ().

Notation (}ll\llzoﬁgg:l) Name
u(t) Mleak Mass flow leakage rate
T 1o Outlet coolant temperature
x(t) Tf 1o Outlet fuel temperature
T in Inlet coolant temperature
y(t) max (TQ’,) Temperature of piping wall (PCT Proxy)

The GB model that is used to estimate the non-measurable parameters of interest
such as the pipe wall temperature, T/ (t), consists of a zero-dimensional WB model, from
which the model discrepancy Ay is calculated (see Section 2), and a BB model fpg(-)
that corresponds to a Bi-directional Long-Short Term Memory (Bi-LSTM) network for
multi-step-ahead estimation of u and Ay (see [33]). The GB model formulation for the
case study is summarized in Table 3, whereas the GB model parameters are presented
in Table 4. The BB and GB models use a memory window length (r) and prediction

https://doi.org/10.3390/jne7020034
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window length (s) of r = s = 200 with sampling time ts;m = 0.5s. These settings allow us
to capture the short-term evolution of the LOCA transient of interest and anticipate the
enforcement of symptom-based operating procedures, while complying with computational
time constraints [33].

Table 3. GB model configuration, SMDER case study.

Notation Variable Description
Yws Tp,ws Vector of WB-based estimates of ml?x (Té},) (proxy of PCT)
Ay ATy Vector of WB estimated errors of max (Tf},) (proxy of PCT)
YGB Y] Vector of GB-based estimates of mhax (Tz’f,) (proxy of PCT)

Table 4. GB and BB model parameters, SMDER case study.

Notation Description Value
r Memory data length r =200
s Prediction window length s =200
M Number of BB model inputs M=4
J Number of BB model outputs J=2
Ay BB error correction term Ay = ATy
u BB output signal U = Mieak

BB input/output features were extracted from time-series signals, obtained by sim-
ulating Ny accident scenarios via Monte Carlo (MC)-based random failure-injection [41].
Each scenario d € N; includes a randomly sampled fault-injection time ¢; < ty. For
each scenario d, the variable matrix X(t,_,41 : t;) and the input signal u(t,,41 : t,4s) are
collected using fixed parameters (7, s) over the time indexn = r,...,N —s. Ateach
timestep t,,, the HF model g(-) and the WB model fwg(+) are evaluated to compute the
BB model targets Ypp(ts : tnts) (see Section 3, Figure 2). The parameters needed for MC
failure-injection [41,43] are listed in Table 5.

Table 5. Parameters for accident scenario simulation.

Notation Description Value [Units]
Ny Number of simulated accident scenarios d N; = 150

At Fixed sampling time At =05 [s]

t, Fixed observed time ty € {AL2AE, ... N} (8]

n Fixed time index ne{l,..., N} [-]

N Fixed mission time, for each scenario d fn = 1500 [s]

t Failure time, sampled for each scenario d t¢ ~ Uniform[500, tn] [s]
Kleak Scale parameter, sampled for each scenario d kieak ~ Uniform[8,10] [kg/s]
Aleak Shape parameter, sampled for each scenario d Ajeak ~ Uniform[9,15] [—]
Bieak Scale parameter, sampled for each scenario d Bieax ~ Uniform[0.2,0.4] [s7}]
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5. Results
5.1. Feature Extraction with Hilbert—Huang Transform

Signals are firstly preprocessed to identify the non-decomposable input features,
prior to feature extraction. As shown in Figure 5, input signals such as the inlet coolant
temperature (T in) and outlet fuel /coolant temperature (Tj}/lz, T;f,lz) do not show oscillatory
content, revealing monotonically increasing/decreasing values. These input features
become non-decomposable signals and therefore the HHT is not applicable, whereas
output feature signals (1me,k, ATp) reveal oscillatory content that is extracted via HHT

(see Figure 6).
0 11115
— -1
w . 11110
[ v
g =
2 -3 S 11105
° p=
B S
1110.0
=5
(') 2'5 5'0 7’5 150 12’5 15‘0 17'5 2(30 6 2'5 Sb 7‘5 160 1é5 1.';0 1;5 2(:70
time index s [-] time index s [-]
983.0710
128756 983.0705
X 128755 z 983.0700
2 -
o 128754 E 983.0695
=~ =~
1287.53 983.0690
1287.52 983.0685
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time index s [-] time index s [-]

Figure 5. Examples of input signals.
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Figure 6. Example of output signals.

The generated dataset is processed by applying the Hilbert-Huang Transform (HHT)
to extract the features (f;) and (f;) from input signals x and output signals ypp, respectively.
The list of extracted features for non-stationary signals is described in Table 6.

Table 6. Extracted features from non-stationary signals.

Feature Expression (x;, €x) Expression (ygp ;€ypp)
Mean of Instantaneous Amplitude for each 1 i () 1 nis ()
i (i P A = 5 i (Fx aj; = < a;(tk
IMF i (input) or j (output) P i S
Mean of instantaneous frequency for each IMF _ 1 i ) . 1 nis ()
i (i H Wi = 3 Wi, i\ Lk Wi =3 Wi t
i (input) or j (output) mi . i J Spmg U
Mean Energy for each IMF i (input) _ 1 & ) B 1,
or j (output) Cm,i = ;k:n§r+1 am,i(tk) el = Ek:%ﬂ aj/l(tk)
() = Brot +79, t € {tu_yst,.- . tn} ri(t) = Brjt+ v, t € {tus1, - tuts}
. . 5 A . . . 1 n ~ 1 nts
Slope coeff}aenf (Brm,s ‘Bw) of linear regression, Pmri== ¥ rm(t) Pia= - Y ,],(tk)
mean (7,1, ;1) and standard deviation T k=n—r+1 S k=n+1
(P, #j2) of the residual (P, 7). 1 =n 5 1 nts 2
o fma =1/~ L (rm(t) — Pma1) Fio=4]~ ri(te) — 7
" Fronort " 2 sk:§+1( i(t) ]'1)
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For non-decomposable input signals (x;,), the features extracted are the slope coeffi-
cient of linear regression (), mean (1) and standard deviation (#,) (see Table 7).

Table 7. Extracted features from linear signals x;,.

Feature Expression
Slope coefficient (ﬁm). of lilnear regression m-th () = Bunt + 7t € {turity e rtn}
signa
n
Mean (%, 1) of m-th input signal x;, R (tn) = % Y xm(ty)

k=n—r+1

Standard deviation (£, 2) of the m-th input signal x,, 2, ,(t,) = \/ % i (xm (t) — fm,l)z
k=n—r+1

For the BB input signals x;,, the input signal m = 1 (coolant leakage rate) was con-
sidered for feature extraction via HHT. A total of |I,,—1| = 4 IMFs were extracted. The
selection of IMFs is based on their relative energy contribution (i.e., highest mean values
in power distribution, see Figure 7b), and its adequacy is verified through the subsequent
sensitivity analysis; low-frequency information is preserved via residual-based features,
which are also included in the SA. Following this criterion, IMFs 1 and 2 were selected as
they carry more information in terms of signal power for both short- and long-term trends
(see Figure 7).

Unweighted IA-weighted
Hilbert-Huang Transform Hilbert-Huang Transform

=
3
W

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50
Frequency (Hz) Frequency (Hz)
(a)
IMF Power Distributions across all signals
—— IMF-1
0.4 4 IMF-2
—— IMF-3
—— IMF-4
0.3 1
z
@
c
o)
0 0.2
0.1 1
0.0 T T T T T T T
0 10 20 30 40 50 60 70 80

Power

(b)

Figure 7. (a) Instantaneous frequency (left) and instantaneous frequency distribution weighted by IA
(right), GB model input (11e,), for IMFs 1-4 unweighted and weighted by IA. (b) Power distribution
of IMFs extracted for GB model input (1}e,1)-

For the rest of the BB model inputs (ij 12/ T,f,lz, Ty in, Where m = 2,3,4, correspond-

ingly), features such as the slope coefficient of linear regression (,Bm), mean (£,,1) and
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standard deviation (£, 2) of the time series were extracted (see Table 8). As stated, a total of
V = 18 features were extracted.

Table 8. Extracted features of BB model inputs (f,,,).

Notation Type of Signal of BB Variable Extracted Features Feature Code
Model
IMFs 1 (i = 1)
leak_mean_amp_imf1
e  Mean of IA
IMFs 1 (i = 1)
leak_mean_power_imf1
° Mean Power
IMFs 1 (i = 1)
leak_mean_freq_imf1l
e  Mean of IF
IMFs 2 (i = 2)
leak_mean_amp_imf2
e Mean of IA
Mass flow coolant leakage ~MFs2 (i =2)
u Input,m =1 rate (e, )- Feature vector: leak_mean_power_imf2
fi ° Mean Power
IMFs 2 (i = 2)
leak_mean_freq_imf2
e  Mean of IF
Residual (Br,l)
. leak_slope_residual
e  Beta coefficient
Residual (71,1)
leak_mean_residual
e Mean
Residual (71 2)
o leak_std_residual
e  Standard deviation
N Outlet coolant temperature Beta coefficient (B,,) slope_Te_f _12
nput, = (Tf,u)- Feature vector: f, Mean (£, 1) mean_Te_f 12
Standard deviation (£, 2) std_Te_f_12
* Outlet fuel temperature Beta coefficient (B, slope_Te_c_12
Input, m =3 (T;JZ)' Feature vector: f, Mean (%,,1) mean_Te_c_12
Standard deviation (£,,2) std_Te_c_12
Inlet coolant temperature Beta coefficient (5,,) slope_Tin_c_12
Input, m = 4

(T in). Feature vector: f;

Mean (£,,,1)

mean_Tin_c_12

Standard deviation (£,,2)

std_Tin_c_12
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in terms of signal power for both short- and long-term trends (see Figure 7). Following
the same procedure for j = 2 (AT}), a total of | Vj—| = 3 IMFs were extracted, where IMFs
2 and 3 were selected during the feature extraction process (see Figure 9). The extracted
features are summarized in Table 9. As stated, a total of W = 18 features were extracted.

L 3
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0 25 50 75 100 125 150 175 200 —_
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&
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time index s [-] time index s [-]
Figure 8. IMFs and residuals extracted for output signals, given a random sample. (Left): Coolant

mass flow leakage rate (17,1, with j = 1). (Right): Error estimation of PCT (AT, with j = 2).

For the BB output signals, the outputs j € {1,2} were considered for feature extraction
via HHT. For j = 1 (iitea1), a total of |Lj—;| = 4 IMFs were extracted during the sifting
process (see Figure 8), where IMFs 1 and 2 were selected as they contain more information
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Hilbert-Huang Transform

IA-weighted
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Figure 9. (a) Instantaneous frequency (left) and instantaneous frequency distribution weighted by IA
(right), GB model output (AT), for IMFs 1-4 unweighted and weighted by IA. (b) Power distribution
of IMFs extracted for GB model output (ATp).
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Table 9. Extracted features of BB model output (fj).

Type of Signal of

BB Model Variable Extracted Features Feature Code
IMFs1(l =1)
leak_mean_amp_imf1l
. Mean of IA
IMFs1(I=1)
leak_mean_power_imf1l
. Mean Power
IMFs1(I =1)
leak_mean_freq_imf1
° Mean of IF
IMFs 2 (I = 2)
leak_mean_amp_imf2
Mass flow coolant ° Mean of IA
Outputj =1 leakage rate (jeq))- IMFs 2 (I = 2)
Feature vector: f; leak_mean_power_imf2
° Mean Power
IMFs 2 (I = 2)
leak_mean_freq_imf2
. Mean of IF
Residual (Br,l)
leak_slope_residual
. Beta coefficient
Residual (71,1)
leak_mean_residual
° Mean
Residual (71 2)
leak_std_residual
. Standard deviation
IMFs 1 (I =2)
deltaTp_mean_amp_imf2
. Mean of TA
IMFs 1 (I =2)
deltaTp_mean_power_imf2
. Mean Power
IMFs 1 (Il =2)
deltaTp_mean_freq_imf2
. Mean of IF
IMFs 2 (I = 3)
. ) deltaTp_mean_amp_imf3
Diff. of Peak Cladding e  Mean of IA
Output j = 2 Temperature (ATp).
Featur tor: IMFs 2 (I = 3) .
eature vector: f, deltaTp_mean_power_imf3
Mean Power
IMFs 2 (I = 3)

. Mean of IF

deltaTp_mean_freq_imf3

Residual (Bz)

. Beta coefficient

deltaTp_slope_residual

Residual (75,1)

° Mean

deltaTp_mean_residual

Residual (722)

. Standard deviation

deltaTp_std_residual
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5.2. Sensitivity Analysis with Kucherenko Indices

The dataset of extracted features (¥ and W) is used to calculate the first-order

Kucherenko indices. A matrix of first-order Kucherenko indices K ; is shown in Figure 10.

The obtained indices are postprocessed to select a subset of measured quantities x* as BB

model inputs (Xpp), given the computational time constraints for online risk monitoring.

The SA based on the first-order Kucherenko indices highlights the importance of selecting

a subset of input features for the BB model, given the following findings:

input

leak_mean_amp_imf1 ]0.012 0.011 0.013 0.017 0.011 0.007 0.014 0.042 0.043 0.019 0.077 0.118 0.077 0.021 0.063 0.048 0.014 0.022
leak_mean_amp_imf2 10.014 0.015 0.029 0.016 0.009 0.005 0.102 0.019 0.020 0.126 0.114 0.128 0.134 0.154 0.169 0.049 0.104 0.046
leak_mean_freq_imf1 [0.011 0.016 0.014 0.025 0.009 0.007 0.047 0.025 0.025 0.109 0.298 0.178 0.287 0.080 0.298 0.021 0.116 0.133
leak_mean_freq_imf2 [0.014 0.011 0.014 0.024 0.012 0.004 0.042 0.020 0.021 0.101 0.277 0.161 0.180 0.095 0.258 0.059 0.099 0.116 08
leak_mean_power_imf1 10.011 0.016 0.016 0.024 0.009 0.008 0.036 0.062 0.063 0.037 0.065 0.195 0.074 0.027 0.035 0.037 0.021 0.032

leak_mean_power_imf2 10.017 0.016 0.032 0.016 0.011 0.006 0.099 0.029 0.030 0.112 0.134 0.161 0.104 0.117 0.142 0.050 0.117 0.051

leak_mean_residual [0.085 0.030 0.072 0.046 0.067 0.013 0.339 0.167 0.169 0.157 0.159 0.109 0.154 0.133 0.157 [ekeX] 0.105 0.081

o
=)

First-Order Kucherenko index

leak_slope_residual |0.022 0.034 0.036 0.028 0.010 0.008 |0.428 0.171 0.176 0.093 0.035 0.093 0.068 0.085 0.050 0.061 0.407 0.304

leak_std_residual |0.022 0.029 0.031 0.026 0.010 0.007 0.345 0.147 0.151 0.073 0.041 0.099 0.044 0.077 0.040 0.063 0.365 0.259

mean_Te_c_12 [0.068 0.051 0.056 0.036 0.056 0.020 [sReRY 0.397 0.410 0.052 0.053 0.073 0.097 0.051 0.054 0.177 0.259 0.163

mean_Te_f_12 |0.069 0.047 0.057 0.038 0.052 0.019 [ukele¥4 0.376 0.388 0.050 0.054 0.073 0.094 0.048 0.052 0.195 0.255 0.156

1
N
IS

mean_Tin_c |0.068 0.050 0.056 0.036 0.055 0.020 [eX¢las) 0.398 0.411 0.052 0.053 0.073 0.097 0.051 0.054 0.177 0.259 0.163
slope_Te_c_12 |0.069 0.059 0.098 0.117 0.046 0.019 0.307 0.397 0.403 0.197 0.272 0.193 0.224 0.205 0.271 [eRZK} 0.128 0.123
slope_Te_f_12 [0.054 0.061 0.082 0.118 0.036 0.020 0.302 0.439 0.446 0.158 0.198 0.146 0.177 0.157 0.219 [UK::ZY 0.123 0.114

slope_Tin_c |0.063 0.062 0.106 0.129 0.036 0.019 0.130 |0.428 0.432| 0.207 0.235 0.140 0.144 0.195 0.224 [K:ZEY 0.105 0.106 =02

std_Te_c_12 [0.069 0.059 0.098 0.116 0.046 0.020 0.307 0.397 0.403 0.196 0.271 0.193 0.223 0.205 0.270 [ekeZ¥] 0.128 0.122

std_Te_f 12 |0.054 0.060 0.081 0.118 0.035 0.020 0.302 |0.437 0.445 0.155 0.195 0.144 0.175 0.154 0.215 [Uk:EHY 0.122 0.113

std_Tin_c |0.063 0.062 0.106 0.128 0.036 0.020 0.129 0.428 0.432 0.207 0.231 0.139 0.143 0.194 0.219 [K:ZEY 0.105 0.106
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Figure 10. First-order Kucherenko index matrix.

The features extracted from the residual of leakage rate 1110, achieve high sensitivity
indices when predicting autoregressive long-term trends.

Among the extracted features from the temperature signals, features from the outlet
coolant temperature T;?,u and the inlet coolant temperature Ty i, present higher sensi-
tivity levels when predicting the residuals of both BB outputs (i.e., denoised long-term
trends of coolant leakage rate 7i1je, and the PCT estimation error AT, during the
LOCA scenario).

The extracted features of the leakage rate do not substantially contribute to explaining
the variability in the PCT estimation error AT, which can be explained due to the
nonlinear effects of hydraulic phenomena and the thermohydraulic equations of the
HF model.

5.3. Selection of BB Model Inputs

Each measurable input x;, corresponds to a group of features V(m) C V, whereas

each BB output j € {1,2} (leakage rate and AT,) corresponds to an output-feature group

W(j) C W. Following the strategy described in Section 3.3, the grouped sensitivity index
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for each measurable input is computed as stated in Equatlons (22) (24). Tables 10 and 11
show the maximum Kucherenko indices grouped by output j (bm q) from which the average
score per input is computed by means of Equation (23) (see Table 12).

Table 10. Best scored Kucherenko indices bsy})q for features grouped by output j = 1.

q=1 q=2 q=3 q=4 q=5 q=6 q=7 q=8 q=9
bglq) 0.157 0.298 0.195 0.287 0.154 0.298 0.983 0.407 0.304
bélq) 0.197 0.272 0.193 0.224 0.205 0.271 0.943 0.259 0.163
bglq) 0.158 0.198 0.146 0.177 0.157 0.219 0.885 0.255 0.156
bz(;q) 0.207 0.235 0.140 0.144 0.195 0.224 0.844 0.259 0.163

Table 11. Best scored Kucherenko indices bg/ >q for features grouped by output j = 2.

q=1 q9=2 q=3 q=4 q9=5 q9=6 q=7 q=8 q=9
bgzq) 0.085 0.034 0.072 0.046 0.067 0.013 0.428 0.171 0.176
by 0.069 0.059 0.098 0.117 0.056 0.020 0.965 0.397 0.410
bgzq) 0.069 0.061 0.082 0.118 0.052 0.020 0.962 0.439 0.446
bz(L,zq) 0.068 0.062 0.106 0.129 0.055 0.020 0.965 0.428 0.432

()

Table 12. Average scores Ky;' per input group.
Output (j=1) Output (j=2)
<8 0.3425 K 0.1215
K 0.3028 K 0.2435
K 0.2611 K 0.2498
9% 0.2679 kP 0.2516

As stated, input signal m = 1 (coolant mass flow leakage rate, 1151 is the best at
explaining the overall variability of output j = 1 (104 ), whereas signal m = 4 (inlet coolant
temperature, Ty i) is selected to explain the variability of j = 2 (PCT estimation error, ATp).

The grouped Kucherenko indices KJ* are then computed by means of Equation (23), ob-

taining K]* = {Kil) = 0.3425, Kiz) = 0.2516}. Based on the grouped ranking, the selected
measurable inputs are:

x* = {fear, Tiin} (28)

As stated, these two signals form the selected optimal subset of BB inputs for the
deployment of the GB model to be used for the monitoring of the SMDFR.

A BB model (Bi-directional Long-Short Term Memory, Bi-LSTM) [33] is trained for
multi-step-ahead estimation, and embedded into the GB model. Figure 11 shows the
performance (in terms of RMSE) of the GB model, when different sets of BB input variables
(x*) are considered, including all possible pairs of input variables and all input variables
x* = {Thleak/ T8 12 Tf 120 TK,in}. It can be seen that the set of x* = {/ieqx, Tyin} that has
been identified by the proposed method allows the selection of a minimal yet informative set
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of inputs, i.e., it provides similar results to the GB model that considers all the measurable

variables as input features (x* = {mleak, T£,12/ T;,lzf TK,in}).

*" = {tieato Ticin}  — o055

x" = {mleakr Tpce,lz} I 0.054

X' = {mleakr Tf,1z:TfE,1z.TK,in} I 0.067
x* = {tears Té12, Trcin) MM 0.069
* = (e T 12, Tf o)  —o.071
* = {Teat Tfaz, Toin)  —0.072
X = {tiear, Tfyp)  I—o.072
X' =T¢, N .07
X" ={Tf15 Tin) S 0.074

X = (TE10, T 10 Tein) —0.077

Model type (input x*)

K e e
X ={Te1,, Tf,) 0078
X' =T, N .075
X =Tein .03
* e
X ={TE12 Tin] —— .01
.
=k N 0.253

0.000 0.050 0.100 0.150 0.200 0.250 0.300

Model performance, RMSE [—]

Figure 11. Comparison of instantiated GB models under different BB input features.

The GB model that uses x* = {mleak, TK,in} is then tested against the GB model
that uses x* = {mleak, Ti 10/ Tf,lzf TK,-m} and x* = {mleak, TE,H} in terms of computa-
tional time. The GB models are used to risk-monitor 20 random-trial LOCA scenarios
(see [33] for further details): the results are summarized in Figure 12. The GB model
that uses x* = {#itjeax, Tyein} complies with the computational constraints imposed by
regulatory requirements (i.e., a total computing time of 120 s, with no exceptions [1]),
whereas the GB model that uses x* = 9 Mjeax, T3 1o/ Tj}/lz, Tyin ¢ sometimes exceeds the

K,
constraint due to increased complexity (see the outliers *). The GB model candidate that

uses x* = {mleak, T 12} satisfies the computational constraint; however, the proposed

model with x* = {mleak, TK,in} proves to be a better candidate in terms of accuracy and
computational time.

T T
350 Distribution (boxplot) * =
*  Outliers
{ Mean
Median
— — — - Computing time limit (120s)
300 4
250 - N
=
2
E 200 * 4
o0
& *
£ 150 - i
5 150
&)
100 = Q 4
50 - 4
0 L L 1

Proposed method, Model with 2 inputs Model with 4 inputs,
X = {"caks Ty in} x = {1eak; T 12} x = {ruca, T 12, Tf 19y Tuin}

Figure 12. Boxplot (computing time) of proposed GB model against selected GB models.
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The explainability of the GB models are then also analyzed with SHAP, as proposed
in [33], to quantify the contribution of each model input feature to its output at each query
time ¢, [44,45] of a simulated accident scenario (see Table 13). Figure 13 shows the evolution
of the SHAP values for the BB output features (11}, and ATp) predicted by the Bi-LSTM
that uses x* = {1, Tin } Within the GB model at t, = 1100, ...,1300 s. The results are
summarized as follows:

Table 13. Accident scenario parameters.

Variable Description Value [Units]
r Memory data length r =200 [—]
s Prediction window length s =200 [—]
In Mission time fn = 1500 [s]

t, € {1000,...,1300};
t; = 1000 [s] : early stage of the LOCA scenario;
tp = 1100 [s]: activation of Protection System (Auxiliary

fy Query time Cooling System);
t3 = 1300 [s]: late stage of the LOCA scenario, with enacted
Protection System
te Failure time te = 500 [s]
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Figure 13. SHAP values during the accident scenario evolution, proposed GB model. (Top): predicted
mass flow leakage rate (171¢,1). (Bottom): predicted PCT correction (ATyp).

® Mk is shown in Figure 13 (top) to depend mostly on 1),y since Ty in does not
affect the severity of the leakage rate that is instead primarily determined by the
rupture break size: initially, the rupture causes a leakage (e.g., —10 kg/s) (negative
SHAP values); as the LOCA progresses and the system depressurizes, leakage reduces
(e.g., —4 kg/s) (positive SHAP values). This confirms that hydraulic phenomena
dominate this output, where the model correctly prioritizes historical leakage data to
forecast future leakage rates.
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e AT} is shown in Figure 13 (bottom) to depend on Ty, jn: During the early LOCA stage,
less coolant inventory means less heat removal, raising the PCT and lowering T in.
The WB model overestimates this PCT rise, requiring a lower PCT correction (ATp).
The BB model uses T, i, to estimate the coolant inventory state: when T, i, is lower
(less coolant inventory, e.g., at time t = 1100 s), the model decreases the PCT error
correction (lower SHAP values) due to the overestimation by the WB model; when
Ty, in is higher (more coolant inventory, e.g., at t = 1000 s), the model increases the
PCT correction (higher SHAP values) to compensate for the error.

The SHAP-based analysis confirms that the BB model predictions are consistent with
the accident dynamics and shows that the GB model that uses x* = {#ijeak, Tiiin} is
explainable for risk monitoring applications. The GB model candidate x* = {mleak, T;?,lz}
has also proven to be sufficiently explainable, as shown in [33].

For comparison purposes, Figure 14 shows the SHAP values of (11, and ATp) where

the BB of the GB model is fed with all measurable variables x* = {mleak, Te,lz, Tj‘i 127 T,(,,-n}

K
as input features. Results are summarized as follows:
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Figure 14. SHAP values during the accident scenario evolution, GB model with 4 input features.
(Top): predicted mass flow leakage rate (171e,)). (Bottom): predicted PCT correction (AT}).

®  iMeqx is shown in Figure 14 (top) to depend mostly on #i1je,y, confirming that hydraulic
phenomena dominate this output, as previously shown in Figure 13. However, the inlet
coolant temperature (T, i,) and the outlet fuel temperature (T;,IZ) show a contribution
in terms of the SHAP values during early LOCA stages (e.g., t; = 1000 s) that cannot
be explained in terms of physical phenomena, as the coolant leakage rate (11e4x) is
primarily injected by means of MC-based random sampling.

e AT is shown in Figure 14 (bottom) to depend mostly on T ;,, exhibiting a similar be-
havior as the inlet coolant temperature Ty, i, in Figure 13. This is expected, as the outlet
coolant temperature can be used as a proxy of the coolant inventory; however, the in-
fluence of the inlet coolant temperature (Ty, in) and the outlet fuel temperature (Tf,lz) is
not clear in terms of SHAP values during late LOCA stages (e.g., t; = 1200 s, 1250 s).

For this reason, the explanatory power of the GB model with all measurable variables
as input features lacks consistency, specifically when adding correlated variables such as the
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outlet fuel temperature (T;,lz)' Also, as stated, including more input parameters improves the
overall accuracy of the GB model but at the expense of higher computing times.

Table 14 summarizes the insights of the comparison: we can claim that the GB model
that uses x* = {#jeax, Ticin } Offers a suitable tradeoff between accuracy, explainability and
computational time which makes it the perfect candidate for risk monitoring the PCT of the
SMDEFR. As stated previously, selecting the proposed GB inputs can be critical to satisfying
regulatory requirements (e.g., see Figure 12). The physical consistency of the selected
inputs with the underlying LOCA dynamics suggests that the results are not specific to
the adopted WB model, but rather reflect the dominant thermohydraulic phenomena,
supporting the robustness of the selection process.

Table 14. Overall performance of GB model configurations.

Full GB Model .
Proposed Method with 4 Inputs Regulatory Requirements
Accuracy below the tolerance error of current
instrumentation (sensor: resistance temperature
Accuracy (RMSE) [K] v v detector, Class A) [46,47]:
RMSE < 1.89K
Mean computing time v X Response time of two minutes for risk monitors [1]:
per query t; [s] ty <120 [s]
Explainability (SHAP Physu:al' consistency of the model output, based
alues) v X on explainability techniques, to provide end-user
v trust [14]

6. Conclusions

This work presents a methodology for the selection of the inputs to a GB model to be
embedded in a framework of risk monitoring for SMRs. The methodology integrates the
HHT for adaptive feature extraction from nonlinear, transient input time series, and first-
order Kucherenko sensitivity indices for global SA. Tested on the SMDFR, the approach
supports the selection of a subset of measurable inputs from monitoring data for the
estimation of the non-measurable safety-critical parameters of interest, the PCT. By feeding
the selected inputs into the GB model, computationally efficient and accurate multi-step-
ahead predictions are obtained both under nominal operating conditions and simulated
accident scenarios. The proposed method and input selection scheme is agnostic to specific
GB model architectures and accident types, thus making it useful for scalable deployment in
risk monitoring applications, where physical interpretability and real-time computational
demands are key constraints. For Digital Twin applications, the feature extraction and
sensitivity analysis can be performed offline and updated only when significant changes
in operating conditions are detected, ensuring a balance between computational cost and
sustained model performance.

Future work will include the validation of the proposed methodology using real
datasets from laboratory experiments, whose signals typically contain noise and system-
atic errors. Some pending challenges include the scalability and computational cost of
Kucherenko index estimation and HHT feature extraction for high-dimensional, high-
frequency sensor data in SMRs, and the extension to online input selection under different
operating conditions. As stated, the identified input subset is scenario-dependent; how-
ever, the proposed methodology can be extended to enable adaptive input selection across
different transient conditions. Finally, to apply the methodology to other SMR designs, the
WB and BB models should be tailored on their specific features, for example measurable
inputs for performing SA.
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Nomenclature

Abbreviations

BB Black-Box model

Bi-LSTM Bidirectional Long-Short Term Memory
CDF Cumulative Density Function
EMD Empirical Mode Decomposition
GB Gray-Box model

HF High-fidelity model

HHT Hilbert-Huang Transform

1A Instantaneous Amplitude

IF Instantaneous Frequency

IMF Intrinsic Mode Function

LOCA Loss-Of-Coolant Accident

LASSO Least Absolute Shrinkage and Selection Operator
MC Monte Carlo

MHD Magnetohydrodynamic Pump

ML Machine Learning

NPP Nuclear Power Plant

PCT Peak Cladding Temperature

PLS Partial Least Squares

PK Point Kinetic equations

PS Protection System

SA Sensitivity Analysis

SMDFR Small Modular Dual Fluid Reactor
SMR Small Modular Reactor

TH Thermo-Hydraulic model

WB White-Box model

Symbols

g(+) SMR state-space model

X (£) m-th measurable input signal

y(t) Model output of the SMR state-space model
yws(t) White-box model output

yce () Gray-box model output

Ay(t) Modeling error estimation

YgB Vector of BB model outputs [Ay, u]
u(t) Accident-related input signal (coolant leakage rate)
0 Vector of system design parameters
tn Discrete time step

At Sampling time

N Total number of time samples

7 Memory window length
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X(ty—rs1:tn)
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Cm,i(t)

cj(t)

rm(t), rj(£)

In

Lj

ami(t)
aj, (t)

wm i(t)
wji(t)

amzr ]l

wm llw]l

em ir€jl
B, Bj
P10 Pip
Pm1, P2
fin

fi

mleak(t)

kreax

Aleak

Bleak

€

macs(t)

mK,net(t)

8()

fws(+)

feB (")

Ay(t) = y(t) — yws(t)

Ypp = [Ay, u]

Tfh(f)

w h(t)

won(t)

mxh(t
)

Tp(t

= maxy{ Ty (1)}

Prediction window length

Mission time

Number of simulated accident scenarios

Failure (fault-injection) time

Memory matrix of input signals

BB multi-step predicted outputs

i-th intrinsic mode function (IMF) of input x,;,

I-th IMF of output ypp,;

Residual of input/output signal after Empirical Mode Decomposition
Number of IMFs extracted from input m

Number of IMFs extracted from output j

Instantaneous Amplitude (IA) of the i-th IMF of the m-th input
Instantaneous Amplitude of the I-th IMF of the j-th output
Instantaneous Frequency (IF) of the i-th IMF of m-th input
Instantaneous Frequency of output I-th IMF of the j-th output

Mean Instantaneous Amplitude
Mean Instantaneous Frequency

Mean energy of each IMF

Slope coefficient of linear regression of the residual
Mean and standard deviation of input residual

Mean and standard deviation of output residual

Feature vector of the m-th input

Feature vector of j-th BB model output

Matrix of input feature samples

Matrix of output feature samples

Set of all extracted input features, v € V

Set of all extracted output features, w € W

Input feature sample at scenario d, time n

Output feature sample at scenario 4, time n

First-order Kucherenko sensitivity index (features pandg)
Subset of features corresponding to measurable input x;;,
Subset of features belonging to output j

Best feature of input m for output feature q

Grouped sensitivity index for input m
Maximum K,(nj> value for each output j
Selected measurable input set for BB model
Coolant leakage mass flow rate

Leakage scale parameter

Leakage shape parameter

Leakage additional scale parameter
Leakage disturbance term

Auxiliary Cooling System mass flow
Net coolant mass flow (ACS-leakage)
High-fidelity model

White-box model

Black-box model

Modeling error

BB model output vector

Fuel temperature at node 1

Wall temperature at node &

Coolant temperature at node h

Coolant mass flow rate at node &

Peak Cladding Temperature (PCT) proxy
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Ty in Inlet coolant temperature
Tk out Outlet coolant temperature
Tf,in Fuel inlet temperature
T out Fuel outlet temperature
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