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Small modular reactors (SMRs) require reliable monitoring and operator-support capabilities during abnormal
conditions, but Al forecasting models for SMR transients require simulation data spanning malfunction severity and
mitigation timing. This study proposes a hierarchical adaptive sampling framework for data-efficient generation of
forecasting datasets in the IAEA integral pressurised water reactor (IPWR) simulator. Level 1 adaptively selects
leakage severities from a no-action pool to diversify transient regimes and reduce redundant sampling in saturated
early-trip regions. Level 2 refines isolation-valve closure timing for selected severities to densify samples near trip-
margin-relevant timing bands. An LSTM model is iteratively trained on accumulated scenarios and used to score
informative candidates by forecasting error. Results for a pressurizer relief-valve leakage case show that the method
concentrates samples near severity and timing transition boundaries, improving regime coverage under a limited
simulation budget. The framework is intended as an offline simulation-campaign strategy supporting future Al-
based predictive monitoring and operator-support applications.
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1. Introduction Related work and research gap
Small modular reactors (SMRs) are being
developed for modular deployment, shorter
construction schedules, and enhanced passive
safety compared with conventional large
nuclear power plants [1]. Their compact and
highly integrated architectures increase the
need for advanced monitoring, forecasting,
and operator-support capabilities during
abnormal operating conditions [1-3]. Because
Al deployment in the nuclear industry remains
at an early stage, verification, validation,
transparency, and operational integration must
be considered carefully [2].

Prior Al studies for nuclear power plant (NPP)
operation have addressed event diagnosis,
signal validation, transient identification, and
parameter prediction. Examples include
dynamic  neural-network-based  accident
diagnosis, intelligent emergency-response
support, explainable diagnostic assistants,
deep-learning-based transient identification,
and real-time prediction of parameter trends
after operator actions [3-9]. These studies
demonstrate the value of Al-assisted
monitoring and forecasting, but they generally
assume that an appropriate training corpus has
already been prepared.
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Active learning and adaptive sampling
provide a principled way to reduce data-
generation cost by acquiring informative
samples [10,11]. In nuclear engineering,
related approaches have been applied mainly
to limit-surface search and probabilistic
safety-margin evaluation, where simulations
are  concentrated near  success/failure
boundaries [12-14]. Our prior work also
showed that error-guided adaptive sampling
can reduce redundancy in LOCA scenarios
using the compact nuclear simulator [15].

A gap therefore remains between Al-based
NPP forecasting studies, which often rely on
fixed datasets, and nuclear adaptive-sampling
studies, which often focus on limit-surface
identification. Comparatively limited
attention has been paid to how a constrained
simulation budget should be allocated across
both malfunction severity and mitigation
timing for multistep forecasting of SMR
transient parameter trends near trip-relevant
regions. The objective of this study is not to
design an autonomous control algorithm, but
to design an offline simulation-campaign
strategy for constructing informative training
data for predictive monitoring and operator
support.

The main contributions are threefold: (1) a
hierarchical adaptive sampling framework
that separates severity selection from
mitigation-timing refinement, (2) evaluation
of sampling behavior using trip-margin-
relevant regime coverage rather than only
global MSE over a dense grid, and (3)
demonstration in the IAEA iPWR simulator
using a pressurizer relief-valve leakage
scenario and an LSTM-based multistep
forecasting model.

2. Problem Setup and Data
2.1. Simulator and Scenario Definition

Data were generated with the IAEA integral
pressurised water reactor (iPWR) simulator, a
basic-principles educational simulator intended to
reproduce realistic plant trends for training and
understanding rather than plant-specific safety
analysis [16,17]. All simulations used IC#4,
corresponding to 100% BOL forced circulation,
with nominal conditions of approximately 150
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MWt thermal power, 45 MWe generator load,
15.5 MPa primary pressure, 43% pressurizer
level, 2.7 MPa steam-header pressure, and 78 kg/s
feedwater flow [16,17].

The abnormal event is a pressurizer power-
operated relief-valve (PORV) leakage scenario.
The leakage-rate setting, denoted by s, represents
malfunction severity. The mitigation action is
closure of the corresponding isolation valve,
which is physically consistent with the simulator
design in which each relief valve is placed in
series with a motorized valve to prevent a LOCA
if the relief valve fails open [16].

Three target variables were selected to represent
pressure, power, and inventory-related behavior:
RCSPT02 TR (upper-plenum pressure),
RCS TP MW (reactor thermal power), and
RCSLT02 TR (pressurizer level). The main
reactor-trip setpoints used to interpret the results
include low upper-plenum pressure (P<11.0
MPa), low pressurizer level (L<5.0%), low
downcomer flow (W<347 kg/s), high core outlet
temperature (T>340 degrees C), high neutron flux
(>120%), high log rate (SUR>2 dpm), and high
upper-plenum pressure (P>16.4 MPa) [16,17].
ADS actuation occurs for low-low upper-plenum
pressure (P<9.0 MPa), low-low vessel level
(L<90%), high-high upper-plenum pressure
(P>17.2 MPa), or high-high containment pressure
(P>0.019 MPa) [17].

2.2. Severity and timing pools

The scenario space is two-dimensional: leakage
severity and mitigation timing. For Level 1, no
mitigation action is taken after malfunction onset,
and the objective is to build a compact severity set
spanning non-trip, transition, pre-saturation, and
saturated early-trip regimes. The severity axis is
discretized over s ranging from 1 to 50 using
interleaved pools: s = 1.0, 1.5, ..., 50.0 for training
candidates and s = 1.25, 1.75, ..., 49.75 for
evaluation.

For Level 2, representative severities sev10 and
sev30 are selected for timing refinement. The
leakage malfunction is injected at 30 s, and the
isolation-valve closure time varies from 31 to 630
s. Odd action times (31, 33, ..., 629 s) are used as
training candidates, whereas even action times
(32, 34, ..., 630 s) are reserved for evaluation,
preserving strict scenario-level separation.
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2.3. Forecasting task and sample construction
For mitigation-timing experiments, prediction is
defined relative to the immediate post-action
state. For action time a, the reference time is
tref=a+1 s. The input consists of two plant
snapshots separated by 30 s, [X(tref-30 s),
X(tref)], and the output is a 10-minute multistep
trajectory  of  the  three-target  vector
[RCSPT02 TR, RCS TP MW, RCSLT02 TR]
at 30-s intervals from tref+30 s to tref+600 s.
Each scenario is stored as a 22-min CSV
trajectory sampled at 1 Hz. The time column is
excluded, and all remaining simulator variables
are used as input features. Sliding windows are
generated only within training scenarios after the
mitigation action, with a stride of 1 s and a full 10-
min prediction horizon. Evaluation is scenario-
level: only the single reference point at tref is
evaluated for each held-out scenario.

Level 1 operates on no-action severity cases and
is therefore analyzed mainly through the trip-time
regimes associated with selected severities; Level
2 performs post-action timing refinement for the
forecasting task.

2.4. Preprocessing and forecasting model

All splits are scenario-based. Inputs and targets
are standardized using StandardScaler statistics
computed only from training data and then
applied consistently to evaluation scenarios. All
experiments use a single LSTM with 128 hidden
units that outputs a multistep forecast trajectory;
training minimizes MSE for 300 epochs without
early stopping. Architecture, preprocessing,
optimization, and evaluation settings are fixed
across adaptive and baseline comparisons to
isolate the effect of data selection.

3. Two-level Adaptive Sampling Framework
3.1. Overview and Design Rationale

The proposed framework is hierarchical and self-
reflective. A forecasting model is trained on the
currently available scenarios; candidate scenarios
are evaluated using the same scenario-level
difficulty signal; the highest-scoring candidate is
added to the training set; and new candidates are
generated around the selected point for the next
iteration. Thus, simulation effort is allocated
toward informative regions of the (s,a) space
rather than uniformly across the full domain.

The hierarchy reflects the physical structure of the
problem. Leakage severity determines the
transient regime, including whether the plant
remains non-trip, enters a transition band, or
quickly saturates into an early-trip regime.
Mitigation timing then refines the response within
a chosen severity by determining whether the
action is taken far from, near, or beyond a trip-
relevant boundary. Accordingly, Level 1 selects
severities from a no-action pool, and Level 2
refines timing for selected severities.

Initial Scenario Setup
! Adaptive Sampling Strategy Execution

Additional Scenario Generation

Simulation Data Generation - — (interpolation strategy)

|

Model Training e

|

Real-time Storage of Predictions

Selection of High-error Samples
(Error-based Scaore)

Fig. 1. Workflow of the proposed adaptive sampling
framework for Al prediction in nuclear power plant
simulations.

3.2. Level 1: Severity selection from the no-
action pool

Level 1 adaptively selects severities to diversify
transient regimes under a limited simulation
budget. Candidate severities are evaluated using
the model weakness signal, the highest-scoring
severity is added to the training set, and new
candidates are inserted between neighboring
training points. This midpoint-based refinement
follows the one-dimensional adaptive expansion
strategy used in our previous work [15], here
applied to the severity axis in the iPWR
environment.

3.3. Level 2: Mitigation-timing refinement

For a fixed severity, Level 2 refines the isolation-
valve closure time. Candidate timings are
evaluated, the most informative timing is
selected, and new timing candidates are inserted
between neighboring training timings. The goal is
to increase resolution near critical timing bands
where small timing differences produce large
changes in future pressure, power, inventory
response, and trip margin.

4. Experimental Design and Evaluation
4.1. Experimental Overview

The experiments validate whether the two-level
framework selects scenarios aligned with trip-
margin-relevant forecasting. Level 1 selects
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severities from a no-action pool to diversify trip-
time regimes. Level 2 refines mitigation timing
for two representative severities in the leakage
scenario to densify timing points near trip-
adjacent transition regions.

4.2. Adaptive-sampling settings and budgets
Adaptive sampling proceeds iteratively under a
fixed scenario budget. At each iteration, the
current model evaluates candidate scenarios, the
highest-scoring candidate is appended to the
training set, and new candidates are generated
around the selected point.

For Level 1, the final selected severity set
reported in this paper corresponds to 10 adaptive
additions, yielding 13 selected severities in total.
For Level 2, timing-refinement results are shown
over 10 adaptive iterations for the two
representative severities, sev10 and sev30.

4.3. Evaluation criteria focused on trip-margin-
relevant coverage

MSE is used as the training loss and internal
candidate-selection difficulty signal, but the
primary objective is not to minimize a single
global MSE over a densely covered grid. Such a
metric mainly measures interpolation across the
entire domain and can favor uniform coverage.
Instead, this study evaluates whether selected
scenarios  align  with  trip-margin-relevant
objectives.

At Level 1, selected severities are mapped to trip-
time regimes to determine whether adaptive
sampling reduces redundancy in saturated early-
trip regions while reallocating cases to pre-
saturation regimes. At Level 2, the main criterion
is whether selected action times become dense
near boundary-adjacent bands where small timing
differences cause large changes within the 10-
minute forecasting horizon.

4.4. Baseline construction

For both levels, a uniform grid baseline is
constructed under the same scenario budget as the
adaptive method. The baseline selects severities
or action times evenly across the corresponding
range. All preprocessing, model architecture,
training settings, and evaluation rules are kept
identical to those used for adaptive sampling. The
baseline therefore provides a direct comparison of
how the adaptive method reallocates limited
simulation budgets away from redundant regions
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and toward transition or boundary-adjacent
regions.

5. Results

5.1. Level 1: Severity selection behavior in the
no-action pool

The Level-1 experiment tests whether adaptive
severity selection allocates limited simulation
budgets toward dynamically distinct regimes
rather than redundant saturated early-trip cases.
The trip-time curve in Fig. 2 shows four regimes:
non-trip behavior at low severity, a transition
region where trip begins, a pre-saturation band
where trip time changes rapidly, and a saturated
early-trip band at higher severity.

Trip time vs severity with Level-1 selected severities
T T

—8= Trip tima (eamputed)
& Sekcted seviribies (Leved 1, terld)
== Trip onset {~sev 3.5)
Saturatien snset |-sav 20)

Trip time [s)

5’U Jl‘U 30
Severity
Fig. 2. Trip time versus severity derived from the no-
action pool, with Level-1 selected severities overlaid to
illustrate regime-focused allocation.
After initial exploration, the selected severities
concentrate in the pre-saturation range rather than
repeatedly sampling high-severity cases that
produce similar early-trip outcomes. This
behavior is consistent with the objective of
increasing the diversity of trip-time regimes
represented in the training set.
Figure 3 directly compares trip-time coverage
between the adaptive selection and a uniform
severity grid under the same budget of 13 selected
severities. The uniform grid places many samples
in the saturated early-trip band, whereas the
adaptive method allocates 10 cases to the pre-
saturation regime and only 2 to the saturated
regime; the uniform grid allocates 4 and 8 cases,
respectively. At iteration 10, the final adaptive
severity set consists of 1.0, 4.0, 5.5, 7.0, 7.5, 8.5,
9.0, 9.5, 10.0, 11.5, 13.0, 25.5, and 50.0,
confirming that most selected cases are
concentrated in the pre-saturation regime rather
than the saturated high-severity region.
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Fig. 3. Trip-time coverage comparison between
adaptive Level-1 selection and a uniform severity grid
baseline under the same number of selected severities;
the shaded region indicates the saturated early-trip
band.

These results show that Level 1 reduces redundant
sampling in saturated regimes while improving
coverage of dynamically diverse, trip-relevant
regimes.

5.2. Level 2: Timing refinement for the leakage

mitigation action

Level 2 refines isolation-valve closure timing to
densify training cases near regions most relevant
to trip margin and rapid trend changes within the
10-minute prediction horizon. Results are shown
for sev10 and sev30, two representative severities
that exhibit early trips.

For sev10, the selected action timings shown in
Fig. 4 concentrate near a critical timing band
adjacent to trip-relevant transitions rather than
spreading uniformly over the full timing range.
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Fig. 4. Level-2 selected mitigation action timing for
sev10 in the leakage scenario, showing refinement
toward a critical timing region.

For sev30, Fig. 5 shows a similar refinement
behavior, with selected timings becoming dense
around the timing band where small action-time
differences induce large changes in future
trajectories and trip margin. Considering both the
initially available timings and the adaptively
added timings, the final training set becomes
locally denser around these selected critical
timing bands, indicating that Level 2 reallocates
timing samples toward trip-margin-sensitive
regions.
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Fig. 5. Level-2 selected mitigation action timing for
sev30 in the leakage scenario, showing refinement
toward a critical timing region.

5.3. Summary of Two-level Outcomes

Taken together, Level 1 reallocates severity
samples to diversify trip-time regimes and reduce
saturated-region redundancy (Figs. 2 and 3),
while Level 2 densifies mitigation timing near
critical trip-margin-relevant bands (Figs. 4 and 5).
The two-level framework therefore produces
scenario-selection behavior consistent with trip-
margin-aware data generation for multistep SMR
parameter-trend forecasting.

6. Discussion

The results support the central premise of this
paper: when the objective is informative
forecasting under abnormal operation, scenario
selection should emphasize transition boundaries
and trip-margin-relevant regimes rather than
uniformly covering the entire scenario space. In
this sense, the proposed method functions as a
regime-aware  data-allocation =~ mechanism,
consistent with active learning and adaptive
sampling [10,11].

A practical implication is that global mean MSE
on a dense grid is not always aligned with the
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operational objective of trip-margin-aware
forecasting data generation. Dense evaluation
primarily measures interpolation and may favor
uniform coverage. By contrast, the goal here is to
capture  boundary-adjacent regions where
dynamics change rapidly and forecasting errors
tend to concentrate, so the main claim is targeted
scenario-selection behavior rather than universal
dominance in global MSE.

The Level-1 results illustrate the value of
avoiding redundant high-severity early-trip cases
and reallocating budget to pre-saturation regimes
where trip times vary widely. The Level-2 results
further indicate that mitigation timing should be
sampled non-uniformly because timing bands
near trip-relevant transitions are  both
operationally important and difficult to model
under a 10-minute forecasting horizon.

Several limitations remain. The experiments
focus on one malfunction type and one
representative  mitigation action, and the
framework is demonstrated in an educational
simulator that is not intended for plant-specific
safety  analysis  [16,17].  The  current
implementation also uses a fixed LSTM
architecture and MSE-based scoring signal to
isolate sampling effects. Future work should
consider uncertainty-aware criteria [11,18], joint
severity-timing selection, additional adaptive-
sampling strategies, and broader malfunction and
mitigation sets [12-14].

7. Conclusion

This paper presented a hierarchical adaptive
sampling framework for data-efficient Al
prediction of multivariate parameter trends in
SMR simulations using the I[AEA iPWR
environment. The framework separates severity
selection from mitigation-timing refinement and
allocates limited simulation budgets toward
transition boundaries and trip-margin-relevant
regimes rather than uniformly sampling the full
scenario space.

At Level 1, adaptive severity selection reduced
redundancy in the high-severity saturated early-
trip regime and increased coverage of pre-
saturation severities where trip time varies
widely. At Level 2, adaptive timing refinement
densified training scenarios near critical closure-
time bands that govern rapid trend changes and
reduced trip margin. These results support
adaptive sampling as a practical offline
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methodology for efficient forecasting-oriented
dataset generation and future Al-assisted operator
support in SMR operation.
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