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Abstract

Artificial intelligence and digital twin technologies are increasingly being explored for
reactor process analysis, anomaly detection, predictive maintenance, and operator decision
support in nuclear engineering. However, many existing systems remain limited by static
model behavior, reduced robustness to changing operating conditions, and insufficient
integration of complementary monitoring functionalities within unified monitoring work-
flows. In this paper, a digital twin architecture is proposed for reactor condition assessment
under multivariate operating conditions. The architecture supports integration of temporal
analysis and reconstruction-based anomaly detection within a layered reactor-monitoring
workflow, while defining adaptive recalibration support, uncertainty-estimation and ex-
plainability modules, and physics-informed integration components intended for future
extension of the analytical monitoring architecture. Experimental validation is performed
using the publicly available PWR Abnormality Dataset, containing multivariate measure-
ments from a pressurized water reactor environment. The implemented and experimentally
validated component corresponds to the data-driven monitoring module of the proposed
architecture. A limited proof-of-concept adaptive threshold recalibration experiment under
simulated operating drift is additionally performed to illustrate one adaptive monitoring
mechanism. The comparative evaluation includes temporal data partitioning, sliding-
window sequence generation, controlled synthetic perturbations, anomaly score normaliza-
tion, temporal smoothing, threshold optimization, and evaluation using Precision, Recall,
F1-score, and ROC-AUC metrics. Several anomaly detection approaches are compara-
tively evaluated, including temporal residual analysis, robust multivariate monitoring,
PCA-based reconstruction, anomaly score fusion, and classification using Gradient Boost-
ing. The results show that PCA-based reconstruction achieves the highest F1-score, while
score-level classification achieves the highest ROC-AUC value. The performed experiments
validate the monitoring layer of the proposed architecture and demonstrate the feasibility
of integrating multiple anomaly-detection approaches within a unified reactor-monitoring
workflow. The study contributes a digital twin architecture for reactor monitoring together
with comparative validation of its analytical monitoring layer under controlled multivariate
reactor-monitoring conditions.

Keywords: digital twin; nuclear reactor monitoring; reactor process analysis; anomaly
detection; multivariate time-series analysis; condition assessment; reconstruction-based
monitoring; AI-assisted monitoring; PWR abnormality dataset
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1. Introduction
Artificial intelligence and digital twin technologies are increasingly investigated as

promising tools for reactor process monitoring, condition assessment, and operational
support in nuclear engineering [1,2]. Recent studies have explored digital twin concepts and
condition assessment frameworks for nuclear power applications, highlighting the growing
importance of integrated monitoring architectures for safety-critical environments [2,3].
Reactor systems generate large volumes of multivariate measurement data, creating a
need for monitoring approaches capable of identifying abnormal process behavior under
changing operating conditions.

Conventional monitoring and diagnostic systems in nuclear power plants typically
rely on fixed thresholds, predefined rules, or separate models for predicting specific param-
eters. Such approaches can provide reliable operation under steady-state conditions, but
often show limited robustness to changing operating conditions, sensor drift, incomplete
measurements, or complex transient conditions. In multivariate reactor data, abnormal
conditions frequently manifest themselves through correlated variations across multiple
process parameters, making reliable analysis through isolated evaluation of individual
signals difficult.

In recent years, various applications of machine learning in nuclear engineering
have been investigated, including anomaly detection, fault diagnosis, predictive mainte-
nance, and temporal analysis of reactor data [4–7]. Statistical models, neural networks,
reconstruction-based anomaly detection methods, and hybrid approaches combining data-
driven and physics-based models have been explored [8–13]. Despite the reported results,
much of the existing research remains focused on individual analytical tasks and does not
consider the integration of different approaches into a unified framework for reactor mon-
itoring, condition assessment, and anomaly detection [1,7]. Existing reactor-monitoring
studies are frequently focused on isolated analytical tasks such as anomaly detection, fore-
casting, or fault classification. Less attention has been given to architectural integration of
complementary monitoring approaches within unified monitoring workflows capable of
supporting multivariate analysis, reconstruction-based monitoring, and operator-oriented
analytical support.

At the same time, the practical deployment of AI-based methods in nuclear power
applications requires a conservative approach consistent with the high demands for safety,
traceability, and reliability [14,15]. Therefore, analytical and predictive systems should
be considered primarily as operator-support tools rather than autonomous reactor con-
trol mechanisms. Capabilities related to reactor condition assessment, process variable
trend analysis, and early identification of slowly developing abnormal conditions are of
particular importance.

Existing reactor-monitoring and digital twin approaches still face limitations related to
static model behavior, limited adaptive recalibration, insufficient uncertainty and explain-
ability integration, and weak comparative validation of complementary analytical methods
under common multivariate conditions.

In this work, a digital twin framework for nuclear reactor monitoring is proposed for
multivariate reactor process analysis and anomaly detection. The framework defines a
modular architecture that combines temporal analysis, reconstruction-based monitoring,
multivariate anomaly detection, and anomaly score fusion within a common reactor-
monitoring workflow. It also defines modules for adaptive recalibration, uncertainty
estimation, explainability, and physics-informed integration.

The experimental part of the study focuses on the analytical monitoring layer of the
proposed architecture. A comparative evaluation is performed using a publicly available
pressurized water reactor (PWR) dataset containing multivariate reactor measurements.
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Several complementary analytical approaches are comparatively evaluated, including
temporal residual analysis, robust multivariate monitoring, PCA-based reconstruction,
anomaly score fusion, and score-level Gradient Boosting classification.

The main contributions of the present study can be summarized as follows:

1. A digital twin framework for reactor monitoring and condition assessment is pro-
posed, defining a modular architecture with components intended to support mul-
tivariate analytical monitoring, adaptive recalibration, uncertainty estimation, ex-
plainability analysis, physics-informed monitoring integration, and operator-feedback
mechanisms within a unified monitoring workflow.

2. An analytical monitoring layer for reactor-monitoring anomaly detection is imple-
mented and comparatively evaluated, including temporal residual analysis, robust
multivariate monitoring, PCA-based reconstruction, anomaly-score fusion, and score-
level classification.

3. An experimental evaluation workflow based on the PWR Abnormality Dataset is
implemented using temporal data partitioning, sliding-window sequence generation,
controlled synthetic perturbations, anomaly-score normalization, temporal smoothing,
and threshold calibration.

4. Comparative evaluation of complementary analytical approaches for multivariate
reactor-monitoring conditions is performed using Precision, Recall, F1-score, and
ROC-AUC metrics. The experimental study is further extended through a proof-of-
concept adaptive recalibration experiment under simulated operating drift.

5. Technical and implementation considerations for modular reactor-monitoring systems
are discussed, including conceptual pathways for adaptive recalibration, uncertainty
estimation, explainability integration, computational scalability, and operator over-
sight in safety-critical environments.

The remainder of the paper is organized as follows. Section 2 provides an overview of
existing approaches for digital twins, anomaly detection, and AI applications in nuclear
engineering. Section 3 presents the proposed digital twin framework and describes its
architectural components. Section 4 discusses technical considerations and implementation
aspects. Section 5 presents experimental validation and comparative results. Section 6
discusses limitations of the study and possible directions for future work.

2. Related Work
This section reviews research directions that are directly relevant to the proposed

reactor-monitoring architecture. In response to the need for a more systematic positioning,
the literature is organized into four groups: reactor process monitoring and diagnostic
systems, machine learning methods for anomaly detection and fault diagnosis, digital
twins and physics-informed modelling, and uncertainty-aware and explainable AI for
operator support. The review is used to identify which capabilities have been demonstrated
experimentally in prior work and which capabilities are usually treated only as architectural
or post-processing extensions.

2.1. Reactor Process Monitoring, Diagnostics, and Predictive Maintenance

Conventional monitoring and diagnostic systems in nuclear power plants are pri-
marily based on instrumentation signals, alarm thresholds, diagnostic rules, surveillance
tests, and condition-monitoring procedures. Such systems are essential for operational
safety and remain the reference basis for reactor monitoring. International guidance on
online monitoring and condition-based maintenance emphasizes data quality, sensor relia-
bility, validation of diagnostic outputs, and conservative interpretation of alarms before
maintenance or operational decisions are made [16–19].
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The main limitation of conventional threshold-based monitoring is not the lack of
reliability under nominal operating conditions, but its reduced ability to identify slowly
developing multivariate deviations before individual variables exceed predefined limits.
In reactor systems, degradation, sensor drift, abnormal heat-transfer behavior, flow de-
viations, or transient operating states may appear as correlated changes across several
measured variables. These dependencies are difficult to capture when signals are evaluated
independently. This motivates the use of multivariate monitoring methods that can ana-
lyze relationships among temperature, pressure, flow, power-related variables, and other
process variables.

Predictive maintenance studies in nuclear engineering have therefore investigated
data-driven condition assessment, signal processing, machine learning, and hybrid mod-
elling to support early warning, fault diagnosis, and maintenance planning [18–22]. These
methods are intended to complement, rather than replace, established engineering moni-
toring and safety functions.

2.2. Machine Learning Methods for Anomaly Detection and Fault Diagnosis

Machine learning applications in nuclear engineering can be grouped according to
their primary monitoring objective. First, temporal models such as Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU) networks are used to learn sequential
dependencies in reactor signals and to support forecasting or early identification of abnor-
mal trends [4,5]. Second, signal-processing and statistical-monitoring approaches are used
to identify disturbances, changes in operating regimes, and localized fault signatures [6,7].
Third, reconstruction-based methods, including PCA-based reconstruction and related
latent-space models, compare measured behavior with reconstructed nominal behavior
and use reconstruction errors as anomaly indicators. Fourth, supervised classifiers and
ensemble methods are used when labelled fault or anomaly classes are available [23–26].

These categories differ in their assumptions and validation requirements. Unsuper-
vised or weakly supervised methods are appropriate when only nominal data are reliably
available, but their thresholds must be calibrated carefully and their false-alarm behavior
must be reported. Supervised classifiers can provide strong discrimination when labels are
available, but their performance depends on the representativeness of the labelled data.
Therefore, score-level Gradient Boosting trained using evaluation labels corresponding to
controlled perturbation intervals should be interpreted separately from unsupervised PCA
reconstruction, residual scoring, and robust multivariate monitoring. In this manuscript,
score-level Gradient Boosting is retained as a score-level classification baseline rather than
as a directly equivalent unsupervised anomaly detector.

Although many machine learning methods report promising results on task-specific
datasets, several limitations remain. Models trained offline may degrade under changing
operating conditions, sensor drift, long-term ageing, or previously unseen transients. In
addition, comparisons across studies are difficult when datasets, anomaly definitions,
variable sets, sampling intervals, and evaluation metrics differ.

2.3. Digital Twins, Adaptive Updating, and Physics-Informed Modelling

Digital twins provide a conceptual and computational basis for linking measurements,
simulation models, data-driven algorithms, and operator feedback within a unified moni-
toring environment. In nuclear engineering, digital twin concepts have been discussed as
solutions for condition monitoring, in-service inspection, predictive maintenance, safety
analysis, and operational support [1–3,27]. Recent reviews also emphasize that digital twins
for nuclear systems require validated data pipelines, uncertainty handling, traceability, and
integration with domain knowledge rather than isolated predictive models.
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Recent review studies have further emphasized the growing integration of digital
twins with artificial intelligence and machine learning for condition monitoring, anomaly
detection, fault classification, virtual sensing, and predictive maintenance in nuclear power
systems. These studies also highlight the importance of validation, qualification, and
regulatory acceptance for AI-enabled digital twin technologies in safety-critical nuclear
applications [27].

Hybrid and physics-informed approaches are particularly relevant because they can
preserve physical consistency while reducing the computational cost of detailed simula-
tions. Surrogate models, neural operators, and physics-informed neural networks have
been used to approximate complex physical processes, support near-real-time inference,
and incorporate governing equations or constraints into the modelling process [8–13].
These approaches are valuable for reactor monitoring because they can reduce the risk of
purely data-driven extrapolation outside the training domain. However, their practical
deployment still requires careful validation against reactor-specific operating regimes and
uncertainty sources. Similar adaptive digital twin concepts have also been investigated in
gas turbine and aero-engine monitoring, where model updating and performance-fault
warning are integrated within operational digital twins [28]. Recent digital twin studies
have also investigated real-time operational monitoring and online state correction in
nuclear-energy-related systems, demonstrating the potential of adaptive monitoring work-
flows that combine simulation models with continuously acquired operational data [29].

Cross-domain digital twin studies in power and propulsion systems provide useful
methodological analogies for adaptive updating and early warning. For example, the gas
turbine digital twin model uses measured data to improve performance-model accuracy
and applies self-learned warning thresholds for performance fault warning [28]. Although
gas turbines and nuclear reactors differ substantially in physics, safety requirements, and
regulatory contexts, this type of work illustrates how model updating and threshold
learning can be implemented in an engineering digital twin workflow.

2.4. Uncertainty Estimation, Explainability, and Operator Interpretation

In safety-critical environments, anomaly scores or predicted labels are insufficient
without information about confidence, traceability, and interpretation. Uncertainty estima-
tion methods, including Monte Carlo dropout and ensemble-based techniques, can provide
confidence estimates or predictive variance, together with model outputs [14,30]. Such
information is particularly important when measurements are incomplete, operating states
are underrepresented in training data, or the system experiences distribution shifts.

Explainable AI methods, including SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-Agnostic Explanations (LIME), can help identify variables and tem-
poral features that contribute most strongly to a warning or classification result [31,32].
In nuclear applications, explainability is connected not only to operator trust but also to
auditability, review of abnormal-event hypotheses, and regulatory acceptability [15,33,34].
However, many studies apply explainability only after model training and prediction. This
limits real-time usefulness when explanations, uncertainty estimates, and anomaly scores
should be available together for operator review.

Uncertainty estimation and explainability are therefore regarded as important compo-
nents of advanced reactor-monitoring workflows. Their integration can improve confidence
assessment, transparency of analytical decisions, and operator interpretation of monitoring
results, particularly under changing operating conditions and incomplete information.
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2.5. Comparison Criteria and Positioning of the Present Study

Table 1 presents representative research directions related to reactor process analysis,
anomaly detection, and digital twin applications in nuclear engineering. The reviewed
studies demonstrate the increasing use of machine learning methods, hybrid models,
physics-informed approaches, and uncertainty-estimation techniques for reactor monitor-
ing, operational-state prediction, anomaly detection, and diagnostic support.

Table 1. Comparison of representative AI-based and digital twin approaches for reactor process analysis.

Approach/Research
Direction Main Contribution Adaptation Uncertainty Explainability

Main
Limitation/Relevance to
This Study

Conventional online
monitoring and
condition-based
maintenance [16–19]

Operational monitoring,
diagnostics, and
maintenance support
based on plant signals
and engineering rules

Limited/plant-
procedure
dependent

Limited or external

Moderate
through
engineering
interpretation

Robust reference basis, but
limited detection of
correlated multivariate
deviations before
thresholds are exceeded

Temporal ML
models for reactor
signals [4,5]

Learning time-dependent
patterns and forecasting
abnormal trends

Limited after
offline training

Usually not
integrated Limited

Useful for sequence
modelling, but may
degrade under drift or
unseen transients

Signal-processing
and statistical
diagnostics [6,7]

Detection of disturbances
and abnormal
signal behavior

Limited Usually not
integrated Moderate

Often focused on specific
signals, disturbances, or
fault types

Reconstruction-
based monitoring,
including PCA-type
methods [23,24]

Detection of deviations
from nominal
multivariate behavior
through
reconstruction error

Limited External
threshold-based Moderate

Relevant to the
implemented analytical
layer; threshold and
false-alarm behavior
require careful calibration

Supervised/ensemble
classifiers [25,26]

Fault or anomaly
classification when
labelled data are available

Limited unless
retrained

Partial in some
ensembles Moderate

Should be distinguished
from unsupervised
methods; label
representativeness is critical

SHAP/LIME-based
explainable anomaly
analysis [31–34]

Post hoc or integrated
interpretation of
model outputs

None or limited Not primary
objective High

Improves traceability, but
often added after prediction
rather than embedded in
real-time workflow

Hybrid digital twins
and surrogate models
[1–3,8–12,25,26]

Integration of
measurements,
simulations, and fast
surrogate inference

Partial Limited/partial Partial

Often validated for
simulation acceleration or
specific use cases rather
than closed-loop
monitoring

Physics-informed
neural networks [13]

Embedding differential
equations or physical
constraints in learning

Partial Limited/partial Moderate

Promising for physical
consistency, but scaling and
reactor-specific validation
remain challenging

Cross-domain
adaptive digital
twins [28,29]

Model updating and
self-learned warning
thresholds in engineering
digital twin workflows

Partial to high in
the specific
application

Limited/partial Moderate

Useful methodological
analogy; physics and safety
constraints differ from
nuclear reactors

Present study

Integrated
reactor-monitoring
architecture with
implemented
comparative analytical
anomaly-detection layer

Architectural
support; limited
proof-of-concept
validation

Architectural
support; not
experimentally
validated

Architectural
support; not
experimentally
validated

Analytical layer and a
limited adaptive
recalibration
proof-of-concept are
validated; broader
framework capabilities
remain subject to future
implementation
and validation

To improve consistency of interpretation, the qualitative ratings used in Table 1 are
defined as follows. “None” indicates that a capability is not discussed or supported in
the cited work. “Limited” indicates that the capability is mentioned or indirectly sup-
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ported but not integrated into the primary workflow. “Partial” indicates implementation
within a specific model, dataset, or offline scenario without comprehensive operational
validation. “High” indicates that the capability is a central implemented component of the
approach. “Architectural support” indicates that the capability is defined within the pro-
posed framework architecture. “Validated in analytical layer” indicates that the capability
is implemented and experimentally evaluated within the analytical monitoring layer.

Table 1 provides a structured comparison of representative research directions re-
lated to reactor monitoring, anomaly detection, and digital twin applications in nuclear
engineering. The reviewed studies demonstrate growing interest in adaptive monitoring,
uncertainty-aware analysis, explainable AI, and physics-informed modelling, while also
highlighting the challenges associated with their integration into unified reactor-monitoring
frameworks. Based on the reviewed literature, the proposed framework combines multivari-
ate analytical monitoring with adaptive recalibration, uncertainty estimation, explainability
support, and physics-informed integration at the architectural level.

3. Digital Twin Framework for Nuclear Reactor Monitoring
3.1. System Design

The proposed framework defines a modular architecture for nuclear reactor monitor-
ing organized around several complementary functional layers, including multivariate
analytical monitoring, adaptive recalibration support, uncertainty-aware analysis, explain-
ability support, and operator-oriented monitoring integration. The architecture is designed
to integrate these capabilities within a unified monitoring environment that supports
reactor condition assessment, anomaly detection, and operational decision support.

The core principle of the framework is the integration of data acquisition, reactor
process analysis, and operational feedback. This architectural organization is intended to
support integration of data acquisition, analytical monitoring, and operational feedback
within a unified reactor-monitoring workflow.

3.2. Data Acquisition and Preprocessing

The first module of the framework is intended for heterogeneous data acquisition
and preprocessing from various data sources, including real-time sensor measurements,
Supervisory Control and Data Acquisition (SCADA) system outputs, maintenance logs,
nondestructive testing data, and simulation-generated datasets.

Due to the multimodal nature of nuclear reactor data, preprocessing plays an impor-
tant role in ensuring stable and reliable data analysis. The preprocessing stage includes
noise reduction, normalization, feature extraction, missing-data handling, temporal syn-
chronization, and physics-informed preprocessing, transforming the data into features
suitable for subsequent multivariate analysis.

The preprocessing procedures are designed to reduce the effects of sensor noise,
operational variability, and incomplete measurements, which are characteristic of the
real-world environments of reactor process analysis and condition assessment.

3.3. Hybrid Modeling Layer

At the core of the framework is a hybrid modeling layer intended to support inte-
gration between data-driven analytical approaches and physics-informed extensions for
reactor process analysis. The layer is designed to support several complementary strategies
for reactor process analysis and operational state assessment, including

• Temporal models for analysis of reactor time-series sequences, anomaly detection, and
operational deviation analysis;
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• Reconstruction-based and statistical methods for condition assessment and deviation
analysis relative to nominal behavior;

• Physics-informed extensions for aligning model outputs with reactor physics and
simulation constraints.

This organization enables condition assessment, temporal analysis, and incorporation
of physical constraints within a unified architecture for reactor process analysis and opera-
tor support. Within the proposed framework, the physics-informed integration module
is intended to operate by comparing analytical monitoring outputs with reactor-physics
constraints and simulation-based knowledge in order to identify potential inconsistencies
before subsequent adaptive recalibration and decision-support processes. This staged inter-
action defines the intended role of the conceptual module within the overall architecture
and provides a technical roadmap for its progressive integration with the implemented
analytical monitoring layer.

3.4. Adaptive Updating and Recalibration

One of the main limitations of conventional digital twin systems is their predominantly
static behavior after deployment. To address this limitation, the proposed framework in-
cludes mechanisms for model updating and recalibration using newly acquired operational
data. Rather than relying on periodic full retraining, the architecture supports adaptive
recalibration based on newly acquired reactor measurements and validated analytical
results. This design enables adaptation to

• Reactor aging effects;
• Sensor drift;
• Changing operating conditions;
• Previously unseen transient states.

This mechanism is intended to support the long-term robustness of the framework
and to reduce performance degradation under changing operating conditions.

3.5. Uncertainty Estimation and Explainability

The proposed architecture includes dedicated modules for uncertainty estimation and
explainability analysis within the monitoring workflow. The architecture allows integration
of probabilistic or ensemble-based uncertainty-estimation mechanisms capable of providing
confidence estimates together with model outputs. This enables operators to assess not only
the predicted reactor condition but also the reliability of the prediction itself. In parallel,
explainability mechanisms are considered through interpretable AI techniques that identify
the variables and subsystem interactions contributing most significantly to model outputs
and anomaly detection results.

Unlike conventional post-processing interpretation approaches, the architecture con-
siders integration of uncertainty estimation and explainability analysis directly within the
analytical workflow. Such integration may improve transparency and support operator
interpretation and decision-making in safety-critical operating environments.

3.6. Decision Support and Operational Integration

The final layer of the framework is intended to transform analytical outputs into
actionable information for reactor condition assessment and operator support, including

• Anomaly detection and warning generation;
• Predictive maintenance recommendations;
• Reactor state monitoring and operational deviation analysis;
• Operator-support functionalities.
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The framework is organized as a modular analytical architecture intended to support
integration of validated analytical results and operator feedback into monitoring and recali-
bration workflows. This feedback mechanism supports the continuous refinement of anomaly
detection thresholds, updating procedures, and reactor condition assessment models. This
approach is intended primarily as an operator-support and reactor process analysis frame-
work rather than a fully autonomous reactor control mechanism. Therefore, human oversight
remains an essential element for safe decision-making and regulatory accountability.

3.7. Architectural Perspective and System Integration

Figure 1 presents the high-level architecture of the proposed digital twin framework
for nuclear reactor monitoring and illustrates the main architectural layers, including multi-
source data acquisition, preprocessing and feature engineering, reactor process monitoring,
and decision-support and operational integration, as well as conceptual adaptive extensions
related to uncertainty estimation, recalibration, and physics-informed integration. The
presented architecture is intended as a general reference framework for digital twins in
nuclear engineering rather than a reactor-specific implementation. The framework provides
a basis for integrating analytical monitoring, adaptive recalibration, uncertainty-aware
analysis, explainability support, and future physics-informed extensions within a unified
reactor-monitoring architecture.

Figure 1. Conceptual digital twin architecture for nuclear reactor analysis and monitoring.

4. Architectural Integration and Technical Considerations
4.1. Comparative Architectural Positioning

Existing approaches for reactor process analysis and monitoring can generally be di-
vided into conventional machine learning models, static digital twins, and hybrid physics-
informed analytical approaches. Although these approaches can support anomaly detec-
tion, simulation-based analysis, and predictive modeling, limitations remain with respect
to long-term condition assessment, changing operating conditions, sensor drift, and previ-
ously unseen transient states.

Conventional machine learning models are typically designed for specific tasks such
as anomaly detection, fault classification, or signal prediction. They can provide good
accuracy under stable operating conditions but often require periodic offline retraining and
show limited robustness under distribution shifts in operational data.
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Static digital twins provide better physical consistency through the use of simulation
models and engineering representations of the reactor. They are suitable for analysis,
operator training, and offline studies but usually operate as periodically updated simulation
systems with limited adaptability.

Hybrid physics-informed approaches combine simulation-based relationships with
machine learning methods and can reduce computational costs in the modeling of thermal–
hydraulic and neutron-physics processes. However, many of these approaches remain
primarily focused on simulation acceleration or offline anomaly detection rather than
long-term condition assessment and reactor process analysis.

The proposed framework defines mechanisms for adaptive recalibration, uncertainty
estimation, explainability, operator feedback, and integration of physical constraints. A
comparison of the corresponding functional characteristics is presented in Table 2.

Table 2. Comparison of functional characteristics of reactor process analysis and monitoring ap-
proaches.

Functional
Characteristic

Conventional
ML Models

Static Digital
Twins

Hybrid Physics-
Informed Models

Proposed
Framework

Primary objective Task-specific
prediction

Simulation-based
representation

Physics-constrained
prediction

Adaptive analysis and
condition assessment

Multivariate time-
series analysis

Partially
supported Limited Partially supported Validated in the analytical

layer
Reconstruction-
based analysis Limited use Limited use Partially supported Included in the analytical

layer
Adaptive updating Limited Usually absent Partially supported Architecturally supported
Uncertainty
estimation

Post-processing
or external Limited Partially supported Architecturally integrated

Explainability Limited Indirect Partially supported Architecturally integrated
Operator feedback
integration Rarely used Limited Limited Included in the architecture

Real-time operation Task-dependent Limited Limited Requires additional
validation

4.2. Expected Architectural Benefits for Nuclear Reactor Monitoring

The proposed digital twin framework for reactor monitoring can support long-term
reactor process analysis by combining continuously acquired measurements, predictive
models, and adaptive recalibration mechanisms. One potential benefit is earlier identifica-
tion of deviations associated with changing operating conditions, sensor drift, or gradual
equipment degradation.

Predictive condition assessment may support identification of developing operational
trends before conventional alarm thresholds are exceeded. Reconstruction-based analytical
methods provide additional capability for detecting complex multivariate deviations that
may be difficult to identify through isolated evaluation of individual process variables.

Uncertainty estimation can provide operators with additional information regarding
the reliability of generated warnings and analytical outputs, particularly in the presence of
incomplete measurements, previously unseen operating states, or limited data availabil-
ity. Explainability mechanisms can further support interpretation of analytical results by
identifying variables and temporal relationships that contribute most strongly to detected
deviations or anomaly indications.

More broadly, multivariate analytical approaches can support monitoring of reac-
tor systems, auxiliary systems, and critical equipment through analysis of relationships
among multiple process variables. Such analysis may assist in identifying gradual changes
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in process behavior that are not evident from individual measurements alone and can
complement existing monitoring and condition-assessment practices.

4.3. Regulatory and Engineering Considerations

Deployment of digital twins and machine learning-based analytical systems in nuclear
engineering requires rigorous verification, validation, traceability, and documentation.
These requirements are particularly important for adaptive systems, in which model charac-
teristics may change after updating with newly acquired operational data. Comprehensive
evaluation of the proposed framework should include

• Simulation-based validation;
• Comparative evaluation using public and synthetic datasets;
• Testing under sensor drift and changing operating conditions;
• Assessment of prediction reliability;
• Verification of interpretability and traceability of analytical outputs.

The proposed architecture is intended for operator support rather than autonomous
reactor control. Therefore, human oversight remains necessary for warning interpretation,
risk assessment, and final operational decision-making.

In practical deployment, such an analytical monitoring system derived from the
proposed framework would operate as an additional analytical module integrated with
existing monitoring and operator-support systems, without direct participation in reactor
control functions. The analytical models could process continuously acquired monitoring
data from existing instrumentation and SCADA systems and provide early warnings,
deviation assessments, and information regarding changes in process relationships.

In such a configuration, final interpretation of analytical results and operational
decisions would remain under the responsibility of operators and engineering personnel.
This is consistent with the conservative approach typically adopted for deployment of
artificial-intelligence-based technologies in safety-critical environments such as nuclear
energy systems.

Although the proposed framework defines five complementary evaluation dimensions
for comprehensive digital twin assessment, the present study experimentally validates pri-
marily the analytical monitoring layer, under controlled multivariate perturbation scenarios,
using the publicly available PWR Abnormality Dataset. Validation involving physics-based
reactor simulations, extended operational regimes (including startup, shutdown, and tran-
sient conditions), and long-term operational deployment is considered the next stage of the
proposed research and therefore remains outside the scope of the present work.

4.4. Computational Implementation Considerations

The implemented analytical monitoring workflow requires consideration of computa-
tional complexity and latency during multivariate reactor-monitoring analysis. In practical
monitoring environments, continuous execution of computationally intensive simulation
models for every newly acquired measurement may not be feasible.

For this reason, the proposed architecture should separate monitoring tasks into

• Fast, continuously acquired data analysis;
• Local anomaly detection;
• Periodic or event-driven recalibration;
• Computationally intensive offline simulations and retraining.

The implemented analytical workflow relies on computationally lightweight statistical
and machine-learning methods executed using standard scientific-computing libraries. The
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reported experiments were performed in a controlled offline evaluation setting and did not
require specialized computational infrastructure.

Additional validation remains necessary with respect to computational latency, robust-
ness under incomplete measurements, and long-term operational stability before practical
deployment in safety-critical reactor-monitoring environments.

4.5. Broader Evaluation and Integration Considerations

Evaluation of digital twin frameworks should extend beyond predictive accuracy
alone. In addition to anomaly-detection performance, comprehensive assessment requires
consideration of adaptability, uncertainty estimation, explainability, computational effi-
ciency, and deployment-related robustness. Representative prediction-quality metrics
include root mean square error (RMSE), mean absolute error (MAE), and mean squared
error (MSE), while anomaly-detection performance is commonly assessed using metrics
such as Precision, Recall, F1-score, and ROC-AUC. Table 3 summarizes representative
evaluation categories and corresponding metrics relevant to adaptive digital twin-based
reactor-monitoring systems. Future evaluation should include scenarios involving sensor
degradation, incomplete measurements, transient operating conditions, changing operating
regimes, and previously unseen abnormal states.

Table 3. Representative evaluation metrics for adaptive digital twin-based reactor monitoring.

Category Example Metrics Significance

Prediction RMSE, MAE, MSE Prediction quality
Anomaly Detection Precision, Recall, F1-score, ROC-AUC Reliability of anomaly detection

Adaptation Adaptation rate under drift, recalibration time Robustness under changing data
distributions

Uncertainty Calibration error, predictive entropy Reliability of confidence estimates

Explainability Stability of feature attribution, operator
interpretability Transparency

Computational Efficiency Inference latency, memory usage Real-time applicability

Robustness Performance under sensor drift, noise, or
missing data

Reliability under real operating
conditions

5. Experimental Scope and Validation Strategy
The experimental part of the present study focuses on implementation and validation

of the data-driven analytical monitoring module within the proposed reactor-monitoring
architecture. The evaluated module includes temporal residual analysis, robust multivariate
monitoring, PCA-based reconstruction, anomaly-score fusion, and score-level classification
under controlled multivariate monitoring conditions.

Accordingly, the experimental study presented in this section focuses on validation of
the implemented analytical monitoring layer, while the remaining evaluation dimensions
defined in Section 4.3 are discussed as future stages of framework validation.

The adaptive recalibration, uncertainty estimation, explainability support, feedback
mechanisms, and physics-informed integration components are retained primarily as
defined modules of the architecture. Within the present study, the main experimental
validation focuses on the analytical monitoring module. In addition, a limited proof-of-
concept adaptive threshold recalibration experiment is included to illustrate one possible
mechanism under simulated operating drift.

The selected analytical approaches were chosen in order to represent different princi-
ples for reactor-process monitoring and anomaly detection under multivariate operating
conditions. Temporal residual analysis evaluates short-term deviations in sequential reac-
tor behavior, robust multivariate monitoring evaluates statistical deviations from normal
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operating conditions, and PCA-based reconstruction evaluates changes in correlated multi-
variate process structure through reconstruction residual analysis.

PCA-based reconstruction was selected because of its interpretability, suitability for
correlated multivariate reactor-process variables, and relatively low computational require-
ments for comparative monitoring evaluation. More complex nonlinear reconstruction
approaches, such as deep autoencoder architectures, are not included in the present study
because they would require additional architecture optimization and validation under
broader operating conditions.

Score-level Gradient Boosting was selected as a supervised classification stage operat-
ing on anomaly-related scores generated by the evaluated analytical approaches. Isolation
Forest was additionally included as a conventional unsupervised anomaly-detection base-
line for comparative evaluation.

5.1. Objectives of the Experimental Validation

The objective of the experimental validation is to evaluate various anomaly detection
and reactor process analysis approaches that can be integrated into the analytical layer of
the proposed digital twin architecture. The evaluation is conducted using multivariate
time-series data from a pressurized water reactor (PWR).

The experiments conducted include:

• Statistical anomaly detection;
• Temporal sequence analysis;
• Reconstruction-based deviation analysis;
• Fusion of results from multiple analytical approaches;
• Discrimination between normal and abnormal operating conditions through multi-

variate monitoring.

Comparative evaluation is performed using Precision, Recall, F1-score, Receiver Oper-
ating Characteristic Area Under the Curve (ROC-AUC), and Precision–Recall Area Under
the Curve (PR-AUC) metrics.

5.2. Dataset Description

The experimental validation is performed using a multivariate reactor-monitoring
dataset derived from the publicly available PWR Abnormality Dataset [35], which provides
baseline reactor sensor measurements acquired under controlled operating conditions. In
the present study, the dataset serves as a source of baseline monitoring signals and is subse-
quently processed through feature extraction, temporal sequence generation, and controlled
synthetic perturbation procedures to create a reproducible environment for comparative
evaluation of the analytical monitoring approaches. Evaluation labels are assigned to the
perturbed temporal intervals for comparative anomaly-detection analysis. Although the
publicly available dataset includes anomaly labels, the present study employs controlled
synthetic perturbations together with corresponding evaluation labels in order to establish
a consistent and reproducible benchmark for comparative assessment of all implemented
analytical monitoring approaches under identical disturbance conditions. Publicly avail-
able reactor datasets containing fully annotated abnormal operational transients remain
limited because of safety, confidentiality, and regulatory restrictions associated with nuclear
operational data. The available variables include parameters associated with:

• Thermal behavior;
• Pressure conditions;
• Flow-related reactor process behavior;
• Operational reactor dynamics.
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The utilization of all available numerical variables preserves temporal and multivari-
ate dependencies among correlated reactor signals during analytical monitoring evaluation.
Unlike simplified univariate benchmark scenarios, the utilized dataset supports compara-
tive evaluation of reactor-monitoring and anomaly-detection approaches under controlled
multivariate operating conditions.

The publicly available dataset documentation does not explicitly report the physical
acquisition sampling interval of the reactor-monitoring measurements. Consequently, the
present study focuses primarily on preservation of temporal ordering and multivariate tem-
poral dependencies during comparative evaluation. The experimental analysis is therefore
performed using sliding windows consisting of 20 consecutive temporally ordered samples.

The use of temporally correlated reactor measurements enables assessment of analyt-
ical sensitivity to coupled process variations, while the controlled perturbation strategy
described in Section 5.4 provides a reproducible basis for comparative evaluation of the
implemented monitoring approaches.

After preprocessing, the dataset contains approximately 12,266 reactor-monitoring
samples and 16 numerical reactor-related variables. The reported dataset dimensions
correspond to the processed analytical dataset obtained after preprocessing, numerical
feature extraction, and temporal sequence generation. All available numerical variables
are included in the experiments in order to preserve dependencies among correlated
reactor signals and subsystem behaviors. The preprocessing workflow includes removal
of incomplete records; extraction of numerical process variables; temporal partitioning
into training, validation, and testing subsets; feature normalization; and sliding-window
sequence generation for temporal analysis. Temporal partitioning is performed prior to
window generation in order to avoid information leakage between the evaluation subsets.

After temporal splitting and sliding-window sequence generation the dataset con-
tains approximately

• 8567 training sequences;
• 1821 validation sequences;
• 1821 test sequences.

A temporal window length of 20 time steps is used. Controlled synthetic perturbations
are introduced into approximately 12% of the validation and test sequences in order to
support controlled and reproducible comparative evaluation. The generated perturbations
include drift, bias, noise, localized deviations, and combined multivariate anomalies affect-
ing one or more process variables. These perturbations are intended primarily as analytical
test scenarios and do not fully reproduce all physical coupling relationships characteristic
of real reactor fault transients.

The utilized publicly available PWR dataset primarily represents multivariate moni-
toring measurements obtained under limited operating conditions and does not include
fully validated startup/shutdown procedures, long-term sensor drift behavior, or broad
sets of physically validated transient operating scenarios. Consequently, the present study
focuses primarily on comparative evaluation under controlled perturbation conditions
rather than comprehensive operational reactor validation across multiple power regimes.

The main parameters of the dataset and experimental configuration used for compara-
tive evaluation of the monitoring layer under controlled multivariate reactor-monitoring
conditions are summarized in Table 4. Representative categories of reactor-related variables,
together with their analytical interpretation, are summarized in Table 5, while the numerical
variables extracted from the experimental dataset are additionally presented in Table 6.
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Table 4. Dataset and experimental configuration.

Parameter Value

Total reactor-monitoring samples 12,266

Number of reactor-related variables 16

Training split 70%

Validation split 15%

Test split 15%

Sliding-window length 20

Training sequences 8567

Validation sequences 1821

Test sequences 1821

Synthetic anomaly ratio 12%

Table 5. Representative categories of reactor-related variables used in the experiments.

Variable Category Representative Interpretation Representative Analytical Role

Thermal variables Reactor thermal and
temperature-related behavior

Detection of thermal deviations
and temperature-related
anomalies

Pressure-related
variables

Reactor pressure-related
behavior

Monitoring of pressure stability
and transient deviations

Flow-related
variables

Flow-related reactor process
and operational behavior

Detection of flow-related
process deviations

Operational
variables

Reactor operational and
subsystem dynamic behavior

Multivariate operational-state
assessment

Derived analytical
variables

Reconstruction residuals and
anomaly-related indicators

Comparative anomaly-score
generation and supervisory
fusion

Table 6. Numerical variables included in the experimental dataset.

Variable Representative Interpretation

Temperature Reactor thermal behavior
Pressure Reactor pressure-related behavior
Flow1 Flow-related reactor process measurement
Flow2 Flow-related reactor process measurement
VRR12–VRR33 Reactor response-related monitoring variables
VRS01–VRS31 Reactor subsystem monitoring variables
VRI01–VRI03 Reactor instrumentation-related variables

5.3. Preprocessing and Experimental Procedure

Before training and evaluation, the dataset is processed using a sequential procedure
designed to ensure reproducibility and numerical stability.

The main processing stages include

• Removal of incomplete or invalid measurements;
• Extraction of numerical reactor–related variables;
• Normalization using StandardScaler;
• Temporal splitting into training, validation, and test subsets;
• Generation of time-series sequences using a sliding window;
• Controlled synthetic perturbation generation;
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• Normalization of anomaly scores;
• Threshold optimization on the validation subset;
• Temporal smoothing of anomaly scores;
• Fusion of anomaly scores from multiple analytical approaches.

The dataset is divided into 70% training, 15% validation, and 15% test subsets. Tempo-
ral splitting rather than random partitioning is used in order to avoid information leakage
between past and future reactor operating states. Normalization statistics were computed
exclusively using the training subset and subsequently applied to the validation and test
subsets in order to avoid information leakage during comparative evaluation. For experi-
ments based on temporal sequence analysis and reconstruction-based analysis, sequence
lengths of 20 time steps are used.

The overall experimental workflow is presented in Figure 2 and includes preprocess-
ing of multivariate reactor data, generation of temporal sequences, controlled synthetic
perturbation generation, application of analytical monitoring models, anomaly score nor-
malization, threshold optimization, and comparative evaluation.

Figure 2. Experimental workflow for validation of the analytical monitoring layer.

All experiments were implemented in Python 3.11, using standard scientific computing
and machine learning libraries. For PCA-based reconstruction, 95% of the cumulative
explained variance is retained. Temporal smoothing is implemented using moving-average
filtering applied to consecutive anomaly scores. Threshold optimization is performed on
the validation subset through F1-score maximization. Synthetic anomalies are introduced
after generation of temporal sequences in order to preserve the original temporal structure
of reactor measurements. The generated perturbations include short-duration spikes,
gradual drift, signal-level shifts, noise disturbances, and combined multivariate process
deviations applied across consecutive temporal windows. Each perturbation type is applied
independently to selected temporal windows affecting one or more process variables while
preserving the original temporal ordering of the reactor-monitoring sequences.

The experimental procedure is implemented using a fixed processing pipeline and
fixed random seeds in order to improve reproducibility and consistency of the comparative
evaluation. To additionally evaluate robustness with respect to perturbation generation and
evaluation variability, the comparative experiments were repeated using multiple random
seeds controlling perturbation initialization and experimental evaluation procedures. The
reported comparative metrics correspond to the mean values obtained across five repeated
experimental runs.

Figure 3 presents representative reactor-monitoring variables, using their original
dataset signal scales rather than normalized values in order to improve interpretability of
temperature-, pressure-, and flow-related temporal patterns.
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Figure 3. Representative reactor-monitoring variables presented using their original anonymized
dataset signal scales together with representative controlled perturbation examples, and the corre-
sponding composite anomaly score obtained during comparative evaluation.

The presented trajectories correspond to selected segments of the processed experimen-
tal dataset derived from the publicly available PWR Abnormality Dataset. The displayed
trajectories illustrate representative temporal variability and anomaly-score responses
observed under the controlled perturbation scenarios used for comparative evaluation.
Subfigure (a) presents a representative temperature-related variable, while subfigures (b)
and (c) illustrate representative pressure-related and flow-related variables, respectively.
Subfigure (d) presents the composite anomaly score obtained through score fusion and
supervisory threshold calibration during evaluation of the monitoring layer.

The presented variables correspond to anonymized reactor-monitoring signals ex-
tracted from the processed experimental dataset and should not be interpreted as ab-
solute physical process measurements. Consequently, the displayed values represent
original anonymized dataset signal scales rather than engineering units. The relatively
large variations observed for the temperature-related variable reflect the characteristics
of the anonymized dataset, together with the preprocessing and feature-extraction work-
flow, rather than absolute reactor coolant temperature measurements. The highlighted
perturbation intervals illustrate representative analytical test scenarios generated using the
implemented synthetic perturbation procedure. Perturbation magnitudes are randomly
selected within the range of approximately 5–8 normalized standard deviations and applied
over temporal windows of 6–16 consecutive samples while affecting one or more process
variables and preserving the original temporal ordering of the evaluation sequences.
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5.4. Synthetic Anomaly Generation

Due to the limited availability of publicly accessible datasets providing fully annotated
abnormal-event labels suitable for the comparative evaluation protocol adopted in this
study, controlled synthetic disturbances are introduced into the validation and test subsets.
Although the utilized PWR Abnormality Dataset includes anomaly labels, controlled syn-
thetic perturbations are employed to establish a consistent and reproducible comparative
evaluation of all implemented analytical monitoring approaches under identical distur-
bance conditions. These perturbations provide a controlled experimental environment for
systematic comparative evaluation of the implemented analytical monitoring approaches.

Several types of perturbations are considered:

• Short-duration spikes;
• Signal-level shifts;
• Gradual drift;
• Noise disturbances;
• Combined multivariate process deviations.

The anomalies are implemented as temporal segments spanning multiple consecutive
windows rather than isolated single-point disturbances. Perturbation magnitudes are
generated using randomized scaling factors within predefined ranges while preserving
realistic relative variability of the affected variables. This approach enables evaluation
under varying anomaly intensities while maintaining consistency with the underlying
characteristics of the reactor-monitoring signals. This makes the experimental evaluation
more representative of gradually developing deviations in reactor process data. The
generated perturbations do not represent physically validated accident scenarios. They are
used solely as controlled deviations for comparative evaluation of different approaches for
reactor process analysis and anomaly detection.

5.5. Analytical Architectures for Anomaly Detection

Several complementary approaches for anomaly detection are included in the compar-
ative evaluation. The implemented approaches differ in terms of their analytical principles
and supervision requirements. The first four approaches operate in an unsupervised or
reconstruction-based manner, whereas the score-level Gradient Boosting classifier rep-
resents a lightweight, supervised classification stage operating on normalized anomaly-
related scores generated by the preceding analytical approaches.

5.5.1. Temporal Residual Baseline

A baseline approach based on short-term prediction residuals is implemented for
anomaly detection.

The residual is defined as
et = |yt − ŷt|

where
yt is the observed reactor-state vector (normalized units);
ŷt is the predicted reactor-state estimate (normalized units).
The resulting residual values are subsequently transformed into anomaly scores.

5.5.2. Robust Multivariate Monitoring

This approach evaluates deviations relative to the nominal multivariate distribution
of reactor process variables. The resulting anomaly scores are calibrated and normalized
using the validation subset prior to threshold selection.
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5.5.3. PCA-Based Reconstruction

A reconstruction-based approach using Principal Component Analysis (PCA) is im-
plemented. The anomaly score is estimated through the reconstruction error:

rt =
∥∥Xt − X̂t

∥∥
2

where
Xt is the original multivariate reactor-state sequence (normalized units);
X̂t is the reconstructed multivariate sequence (normalized units).

5.5.4. Unsupervised Anomaly Score Fusion

To exploit the complementary characteristics of the individual analytical approaches,
normalized anomaly scores are temporally smoothed and combined into a unified anomaly
score. The fused anomaly score is computed as the arithmetic mean of the normalized
anomaly scores generated by the individual analytical approaches after temporal smoothing
and validation-based normalization.

5.5.5. Score-Level Gradient Boosting

In addition, a lightweight gradient boosting classifier implemented using the Gra-
dientBoostingClassifier model from scikit-learn, with 80 estimators and a maximum tree
depth of 2, is trained on the normalized outputs from the individual analytical approaches.
The objective is to evaluate whether combining different anomaly-related scores improves
discrimination between normal and abnormal operating conditions. The classifier is trained
on the training subset using the corresponding perturbation labels and subsequently evalu-
ated on the disjoint validation and test subsets, in accordance with the adopted temporal
data partitioning.

5.5.6. Isolation Forest Baseline

As an additional conventional unsupervised anomaly-detection baseline, an Isolation
Forest model is included in the comparative evaluation. The model is trained using flattened
multivariate temporal sequences derived from the training subset and evaluated using
the same preprocessing, normalization, temporal smoothing, and validation-threshold
calibration procedures applied to the other analytical approaches.

5.6. Threshold Optimization and Calibration

Anomaly detection thresholds are determined through optimization on the validation
subset rather than by using fixed percentile-based thresholds.

The procedure includes

• Calibration of anomaly scores on validation data;
• Temporal smoothing;
• Anomaly score normalization;
• Threshold selection through F1-score maximization.

Temporal smoothing reduces isolated false alarms and improves stability during
sequential anomaly detection. This reflects practical monitoring requirements, in light
of which an appropriate balance should be maintained between sensitivity to process
deviations and robustness against false alarms.

5.7. Comparative Results

The evaluated approaches utilize different anomaly-detection and classification strate-
gies, including reconstruction-based, residual-based, statistical, score-fusion, and super-
vised score-level classification procedures. The reported results correspond to mean values
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obtained across five repeated experimental runs using different perturbation initialization
seeds in order to improve robustness assessment of the comparative analytical evalua-
tion. Table 7 therefore presents both the comparative analytical performance and the
corresponding detection strategy associated with each evaluated monitoring approach.

Table 7. Comparative results for multivariate reactor-process anomaly detection (mean values across
five repeated experimental runs).

Model Detection Strategy Precision Recall F1-Score ROC-AUC PR-AUC Balanced
Accuracy

False
Alarm Rate

Temporal
Residual
Baseline

Residual-based
anomaly scoring with
validation-threshold
calibration

0.222 0.330 0.266 0.593 0.215 0.586 0.157

Robust
Multivariate
Monitoring

Statistical anomaly
scoring with
validation-threshold
calibration

0.218 0.752 0.338 0.722 0.331 0.693 0.367

PCA-Based
Reconstruction

Reconstruction-based
anomaly scoring with
validation-threshold
calibration

0.220 0.913 0.354 0.729 0.345 0.736 0.440

Unsupervised
Anomaly Score
Fusion

Unsupervised score
fusion with
validation-threshold
calibration

0.221 0.835 0.349 0.731 0.350 0.717 0.401

Score-Level
Gradient
Boosting

Supervised score-level
classification using
synthetic labels

0.224 0.564 0.320 0.740 0.339 0.649 0.266

Isolation Forest 0.179 0.495 0.263 0.632 0.162 0.594 0.307

PCA-based reconstruction achieved the highest F1-score, indicating strong sensitivity
to multivariate process deviations in reactor data. Score-level Gradient Boosting achieved
the highest ROC-AUC, demonstrating the best overall capability for discriminating be-
tween normal and abnormal operating conditions. Unlike the preceding anomaly-scoring
approaches based primarily on analytical deviation monitoring and validation-threshold
calibration, the score-level Gradient Boosting model operates as a supervised classification
stage using normalized anomaly-related scores generated by the monitoring pipeline. Iso-
lation Forest was additionally included as a conventional unsupervised anomaly-detection
baseline for comparative evaluation. Consequently, the reported performance of the score-
level Gradient Boosting model should not be interpreted as directly equivalent to the
unsupervised analytical approaches, but rather as a complementary supervised score-level
classification stage within the proposed monitoring workflow.

The high Recall values obtained by PCA-based reconstruction and unsupervised
anomaly score fusion indicate good sensitivity to abnormal conditions. At the same time,
the reported False Alarm Rate and PR-AUC values further illustrate the trade-off between
anomaly sensitivity and false-alarm reduction under imbalanced anomaly-detection condi-
tions. The moderate Precision values reflect the conservative threshold-calibration strategy
adopted in the experiments, which prioritizes sensitivity to abnormal conditions and early
deviation detection at the expense of increased false-alarm rates. The obtained Precision val-
ues therefore correspond to a relatively high false-alarm fraction and should be interpreted
within the context of comparative analytical evaluation rather than as an operationally
optimized monitoring configuration. From an operational perspective, elevated false-alarm
rates may increase operator workload, contribute to alarm fatigue, and reduce confidence in
automated monitoring recommendations. Consequently, the conservative threshold config-
uration adopted in the present study should be interpreted as appropriate for comparative
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analytical assessment rather than direct deployment in safety-critical reactor-monitoring
environments. The repeated experiments indicate relatively stable comparative behavior of
the evaluated analytical approaches under varying perturbation realizations.

5.8. ROC and Precision–Recall Analysis

Figure 4 presents the comparative ROC curves for the implemented analytical ap-
proaches. The ROC analysis indicates that PCA-based reconstruction, anomaly-score fusion,
and score-level gradient boosting provide the strongest discrimination capability between
normal and abnormal operating conditions, with the highest ROC-AUC achieved by the
score-level Gradient Boosting classifier.

Figure 4. Comparative ROC analysis of the implemented anomaly detection approaches.

Figure 5 presents the Precision–Recall curves for the same models. The analysis further
confirms the trade-off between anomaly sensitivity and false-alarm reduction in imbal-
anced anomaly detection tasks. The repeated experimental evaluation indicates generally
consistent comparative Precision–Recall behavior across varying perturbation realizations.
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Figure 5. Comparative Precision–Recall analysis for the implemented models.

5.9. Adaptive Recalibration Under Simulated Operating Drift: A Proof-of-Concept Experiment

Although the experimental validation presented in the previous sections focuses
primarily on the analytical monitoring layer, an additional proof-of-concept experiment
was conducted to investigate one adaptive monitoring mechanism relevant to future digital
twin deployment. The objective of this experiment was not to implement a complete
digital twin, but rather to evaluate whether a simple recalibration procedure could improve
monitoring robustness under changing operating conditions.

5.9.1. Experimental Setup

A gradual distribution shift was introduced into the monitoring data stream in order to
emulate a change in nominal operating conditions. Unlike the synthetic anomaly scenarios
used in the comparative benchmark evaluation, the simulated drift represented a persis-
tent change in the statistical properties of selected reactor-monitoring variables without
corresponding abnormal reactor behavior. Such effects may arise in practical monitoring
environments because of sensor aging, calibration offsets, long-term operational evolution,
or gradual changes in operating regimes.

The experiment was based on the PCA reconstruction-error monitoring approach,
which achieved the highest F1-score among the evaluated analytical methods. Two moni-
toring configurations were considered:

• Static monitoring, where the anomaly-detection threshold remained fixed throughout
the monitoring period;
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• Adaptive monitoring, where the anomaly-detection threshold was recalibrated af-
ter detection of a statistically significant operating-point shift using a drift-verified
nominal adaptation window.

The recalibration procedure was designed to emulate a future adaptive monitoring
workflow in which newly acquired operational data indicates that an observed distribution
shift corresponds to a modified nominal operating condition rather than an abnormal
reactor state.

5.9.2. Performance Evaluation

Table 8 summarizes the results obtained for the static and adaptive monitoring config-
urations under the simulated operating-drift scenario. The False Alarm Rate of 1.000 ob-
served for the static-threshold configuration represents a degenerate fixed-threshold limit,
in which all post-drift sequences exceed the fixed decision threshold.

Table 8. Performance comparison between static and adaptive monitoring under simulated operat-
ing drift.

Monitoring Strategy Precision Recall F1-Score False Alarm Rate

Static Threshold 0.119 1.000 0.213 1.000
Adaptive Recalibration 0.189 0.902 0.312 0.525

Figure 6 illustrates the evolution of the anomaly score and adaptive threshold during
the simulated operating-drift scenario. Following drift detection, threshold recalibration
adapts the monitoring system to the new nominal operating regime, reducing the number
of false-positive detections while maintaining anomaly sensitivity.

Figure 6. Adaptive threshold recalibration under simulated operating drift.

The comparison of the obtained monitoring performance of the static and adaptive
configurations is shown in Figure 7. The static monitoring configuration exhibited ex-
tremely high sensitivity and successfully identified nearly all injected abnormal conditions.
However, after the operating-point drift occurred, the fixed threshold generated a large
number of false-positive detections, resulting in a False Alarm Rate of 1.000.
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Figure 7. Comparison between static and adaptive monitoring performance.

The adaptive recalibration strategy reduced the False Alarm Rate from 1.000 to 0.525
and improved the F1-score from 0.213 to 0.312. Although a moderate decrease in Recall was
observed, the resulting monitoring behavior exhibited a more balanced trade-off between
sensitivity and false-positive generation.

5.9.3. Analysis

The obtained results indicate that even a relatively simple adaptive threshold-update
mechanism can improve monitoring robustness when the statistical properties of reactor-
monitoring data evolve over time. The reduction in false alarms and improvement in
F1-score suggest that adaptive recalibration may improve monitoring robustness under
changing operating conditions, including sensor aging effects, calibration shifts, and grad-
ual operating-regime variations. The experiment demonstrates one possible adaptive
recalibration mechanism that could support future digital twin applications for reactor
monitoring. However, the presented results should not be interpreted as validation of
the complete adaptive recalibration module defined in the proposed architecture. The
implemented procedure is limited to threshold adaptation under simulated operating
drift. Online state estimation, bidirectional synchronization, uncertainty-aware adapta-
tion, explainability-assisted recalibration, and physics-informed model updating were not
implemented and remain subjects for future research.

5.10. Interpretation of Comparative Analytical Results

The comparative evaluation demonstrates that complementary analytical and anomaly-
detection approaches can be integrated within a common analytical monitoring layer for
multivariate reactor process analysis. The main observations are as follows:

• Reconstruction-based analysis achieves the best performance according to F1-score;
• Fusion of anomaly scores from multiple analytical approaches provides stable behavior

under sensitivity-oriented detection settings;
• Score-level Gradient Boosting achieves the highest ROC-AUC;
• Repeated experimental evaluation demonstrates relatively stable comparative behav-

ior across varying perturbation realizations;
• Combined use of different anomaly-related scores improves discrimination between

normal and abnormal operating conditions;
• Adaptive threshold recalibration under simulated operating drift reduces false alarms

while preserving high anomaly-detection sensitivity, demonstrating one adaptive
capability relevant to future digital twin deployment.
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The obtained results support the integration of complementary analytical approaches
within the monitoring layer of the proposed digital twin framework and provide initial
experimental evidence for adaptive monitoring behavior under changing operating conditions.

6. Discussion
6.1. Interpretation of Experimental Results

The experimental results demonstrate the feasibility of comparatively evaluating com-
plementary analytical approaches for multivariate reactor-monitoring conditions within a
unified analytical workflow. The performed experiments highlight the advantages and lim-
itations of different anomaly-detection strategies under controlled synthetic perturbation
scenarios and illustrate the trade-off between anomaly sensitivity and false-alarm behavior
in safety-oriented monitoring environments.

PCA Reconstruction achieved the highest F1-score, indicating comparatively stronger
sensitivity to complex multivariate process deviations in reactor data. Score-level Gra-
dient Boosting achieved the highest ROC-AUC and demonstrated the strongest overall
discrimination capability for distinguishing between normal and abnormal sequences. The
anomaly-score-fusion approach also showed stable performance, particularly in scenarios
requiring high anomaly sensitivity.

The results support the concept that the analytical layer of a reactor-monitoring
digital twin architecture should not rely on a single model or analytical method. Different
approaches capture different manifestations of process deviations in reactor operation and
can complement each other in process analysis and reactor condition assessment.

The observed differences between the evaluated analytical approaches are associated
primarily with the different monitoring principles employed by the models. Reconstruction-
based approaches, such as PCA-based monitoring, are particularly sensitive to corre-
lated multivariate deviations because reconstruction residuals increase when relationships
among reactor-process variables change simultaneously. In contrast, temporal residual
analysis is more sensitive to localized sequential deviations, while score-fusion approaches
combine complementary anomaly indicators and therefore improve sensitivity under
heterogeneous perturbation conditions. The obtained results additionally indicate that in-
creased anomaly sensitivity is frequently accompanied by increased false-alarm generation
under conservative threshold configurations and imbalanced anomaly detection conditions.

The relatively low Precision values observed across several approaches are likely
associated with the conservative threshold calibration strategy adopted during the experi-
ments, in which anomaly sensitivity and Recall were prioritized in order to minimize the
probability of missed abnormal conditions. This trade-off is common in safety-critical mon-
itoring environments, in which false negatives may be considered more critical than false
positives. Consequently, the reported performance should be interpreted as comparative
validation of the analytical monitoring layer rather than as evidence of deployment-ready
operational performance.

6.2. Importance of Multivariate and Temporal Analysis

Reactor process variables are related both temporally and physically. Temperature,
pressure, coolant flow, and other operational parameters evolve jointly and should not be
treated as independent signals. In PWR systems, thermal, hydraulic, and pressure-related
parameters are physically coupled through the primary circuit and reactor control systems.
As a result, changes in coolant flow rate, temperature distribution, or pressure conditions
are typically reflected simultaneously across multiple correlated measurements rather than
appearing as isolated deviations in individual signals.
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For this reason, reconstruction-based approaches are particularly suitable for reactor
process analysis because they evaluate the consistency of the overall system state instead of
relying solely on local thresholds or temporal residual deviations. This is especially impor-
tant for slowly developing process deviations, in which the relationships among parameters
may change before significant deviations appear in individual measurement channels.

The dataset used in this study preserves the multivariate structure of reactor measure-
ments and enables more realistic reactor process analysis. The obtained results indicate that
approaches such as PCA-based reconstruction and anomaly score fusion are more effective
for detecting complex multivariate process deviations, relative to methods based solely on
residual analysis.

Temporal data splitting and the use of sliding time windows additionally reduce the
risk of unrealistically optimistic results that may arise from random mixing of past and
future reactor states. In this way, the experimental procedure remains closer to realistic
conditions for process analysis and reactor condition assessment.

During real transient operating conditions in PWR systems, process deviations fre-
quently appear not as abrupt isolated changes but as gradual modifications in the relation-
ships among multiple process variables. For example, changes in circulation regime or
transient thermal loading may produce correlated variations in temperature, pressure, and
coolant flow rate.

In such cases, reconstruction-based approaches may be more sensitive to disruptions
in normal parameter relationships, relative to methods relying solely on local deviations in
individual signals.

A similar situation may occur during gradual degradation of instrumentation channels
or sensors, where absolute values remain within acceptable limits while temporal consis-
tency among correlated reactor parameters progressively deteriorates. This explains the
strong performance of multivariate reconstruction-based and ensemble-based approaches
observed in the conducted experiments.

In real operating conditions, multivariate analytical and machine learning-based
approaches can support monitoring of key reactor-process parameters and early detection
of abnormal conditions. Such methods are particularly useful for analyzing relationships
among coolant flow, temperature, and pressure in the primary circuit during both steady-
state and transient operating conditions.

Under normal operating conditions, these parameters follow expected thermohy-
draulic relationships determined by reactor design and coolant properties. If these relation-
ships gradually change over time—for example, if the correlation between temperature,
pressure, and coolant flow becomes inconsistent—this may indicate developing process
deviations. In practice, such effects may be associated with degradation of reactor coolant
pump performance or gradual reduction of heat-transfer efficiency in steam generators. In
many cases, individual parameters may remain within acceptable operating ranges while
the multivariate relationships among them progressively change.

Techniques such as PCA-based analysis, PLS modeling, and autoencoder-based ap-
proaches are commonly used to characterize multivariate operational behavior and detect
deviations from nominal process conditions.

In some cases, neural-network-based models, including autoencoders, are also applied,
particularly when the relationships among variables are nonlinear or highly coupled. These
approaches are typically used to characterize nominal operating behavior from historical
data. Deviations from this reference behavior can subsequently be identified through
statistical indicators or reconstruction errors, even when no individual parameter exceeds
predefined limits.
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A similar principle can be applied to reactor control and instrumentation systems.
Simultaneous deviations across multiple correlated signals may indicate abnormal behavior
or degradation mechanisms. Analysis of temporal dependencies and delays between
related signals can help distinguish normal transient effects from phenomena such as sensor
drift, actuator degradation, or control-system-related abnormal operating conditions.

Sensor drift represents a particularly important challenge in long-term reactor monitoring.
In practice, drift corresponds to gradual and systematic deviation of sensor measurements
over time, even when the underlying physical parameter remains stable. Such effects may
influence both sensor offset and sensitivity, leading to persistent measurement inaccuracies.

In nuclear power plant operation, such effects are particularly relevant for temperature,
pressure, flow, and neutron flux measurements. Even when the deviation remains within
acceptable limits for a certain period, it can still distort the relationships between physically
connected parameters. As a result, the overall behavior of the system may appear consistent
at first glance, while underlying inconsistencies gradually develop.

The underlying causes are usually linked to ageing and environmental conditions,
including thermal cycling, radiation exposure, mechanical stress, and gradual degra-
dation of electronic components or sensing elements, as discussed in the literature on
instrumentation-ageing in nuclear power plants [27]. In some cases, contamination, fouling,
or changes in material properties may also contribute to the effect.

From a monitoring perspective, sensor drift is difficult to identify using simple
threshold-based methods because individual signals may remain within acceptable limits
for extended periods. Instead, drift often manifests itself as gradual degradation of correla-
tions among physically related variables or as increasing model residuals over time. For
this reason, multivariate analytical approaches are well suited for detecting such effects,
since they rely on the consistency of relationships among multiple process variables rather
than on isolated measurements alone.

In this context, detecting sensor drift is not only important for measurement accuracy,
but also for maintaining the reliability of higher-level monitoring, diagnostic, and control
functions that depend on these signals.

Similar analytical approaches can also support monitoring of auxiliary systems and
critical equipment. The combination of vibration measurements with thermal and hy-
draulic variables can provide improved insight into equipment condition and degradation
trends. This becomes increasingly important during long-term operation and ageing, in
which changes are often gradual and difficult to detect through individual measurements
alone. Even when all monitored variables remain within acceptable operating limits, the
overall multivariate behavior of the system may still progressively change. In this context,
condition-based monitoring and predictive maintenance approaches, including remaining
useful life estimation, may provide practical operational benefits.

6.3. Conservative Threshold Selection and the Precision–Recall Trade-Off

The high Recall values achieved by several models indicate good sensitivity to anoma-
lies and process deviations in reactor operation. This is particularly important in nuclear
applications, in which missed abnormal operating conditions may lead to consequences
that are more severe than the presence of a moderate number of false alarms.

The lower Precision values indicate that parts of the normal sequences are classified
as abnormal. This reflects the conservative experimental configuration, in which priority is
given to early detection of potential deviations and anomalies.

In real operating environments, threshold selection should be adapted according to the
required sensitivity, the acceptable number of false alarms, and operator workload. Such a
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trade-off is particularly important in decision-support systems and predictive condition
assessment applications.

6.4. Connection to the Proposed Adaptive Framework

The results presented in Section 5 validate the analytical layer of the proposed frame-
work and demonstrate that statistical, predictive, reconstruction-based, and score fusion
approaches can be integrated within a unified workflow for reactor data analysis.

Several architectural components remain subjects for future implementation, including
adaptive online updating, uncertainty estimation, integrated explainability, and incorpora-
tion of physical constraints and reactor-process models.

The adaptive recalibration experiment provides an initial demonstration of one adap-
tive capability relevant to future digital twin deployment. Although the implemented
mechanism is limited to threshold adaptation and does not include online state estimation,
bidirectional synchronization, uncertainty-aware adaptation, or physics-informed updat-
ing, the observed reduction in false alarms under operating drift suggests that adaptive
monitoring can improve long-term robustness. These results support the feasibility of
extending the proposed architecture toward more advanced adaptive functionality.

In practical deployment, adaptive recalibration should be activated only after the
observed drift has been verified to correspond to a benign operating-point change or
sensor-related variation rather than an incipient process fault. Such verification would
require higher-level monitoring or diagnostic mechanisms, and remains outside the scope
of the present proof-of-concept implementation.

Future extensions of the architecture may incorporate uncertainty-estimation mecha-
nisms, explainability support, online model adaptation, and physics-informed integration.
Additional software-architecture developments may include modular analytical services,
streaming-based monitoring pipelines, and operator-support interfaces intended to im-
prove monitoring reliability, interpretability, scalability, and adaptation under changing
operating conditions.

Nevertheless, the experiments conducted indicate that the analytical layer can serve
as a practical foundation for future adaptive digital twin systems intended for process
analysis, anomaly detection, and operator decision support in nuclear engineering.

At the same time, it should be kept in mind that in nuclear applications these methods
are generally used as support tools, not as part of safety-critical functions. Their use requires
proper validation and testing and a clear understanding of how the results are interpreted.
This is important in order to remain consistent with established safety principles and
regulatory expectations, including those defined in the IAEA safety standards [28].

In this context, data-driven monitoring approaches may strengthen diagnostic and
monitoring capabilities within the broader concept of defense-in-depth without replacing
deterministic safety functions. Such systems should also remain aligned with instrumen-
tation and control requirements related to reliability, independence, and traceability of
information used for operational decision-making.

Similar concepts are discussed in IAEA publications related to online monitoring,
condition-based maintenance, and diagnostic systems for nuclear power plants [29,30].
These documents describe established approaches for detecting equipment degradation
through signal analysis and for integrating monitoring systems into plant operation and
maintenance practices. They explicitly address the use of data-driven methods for early
fault detection, diagnosis of abnormal conditions, and support of maintenance decision-
making. At the same time, they clearly define boundary conditions for their application,
including requirements for data quality, model validation, and consistent interpretation
of results. In this sense, data-driven approaches are not treated as standalone solutions,
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but as structured extensions of conventional engineering methods within a controlled and
well-defined framework.

6.5. Limitations and Future Work

The present study has several limitations. First, the original dataset does not contain
fully annotated abnormal-event labels for the evaluated monitoring scenarios. Therefore,
controlled perturbation scenarios are introduced for comparative evaluation, and the cor-
responding evaluation labels are assigned to the perturbed temporal intervals. Publicly
available fully annotated datasets for abnormal events in nuclear reactor environments
remain limited, which constrains direct validation under realistic fault conditions. In addi-
tion, the use of controlled synthetic perturbations, while useful for comparative evaluation,
cannot fully reproduce the complexity and physical coupling mechanisms of real reactor
fault conditions.

Second, the experiments primarily validate the analytical monitoring layer of the
reactor-monitoring architecture rather than a complete system ready for practical deploy-
ment. The experiments implemented in this study focus on comparative evaluation of
complementary anomaly-detection approaches under multivariate reactor-monitoring con-
ditions and should therefore be interpreted within the scope of the implemented analytical
monitoring subsystem.

Third, several important architectural components remain outside the scope of the
current implementation, including

• Online adaptive retraining;
• Prediction reliability assessment;
• Explainability and interpretation of analytical outputs;
• Integration of physical constraints and simulation-based dependencies.

These components remain defined modules of the architecture, and were not ex-
perimentally validated within the scope of the present study. Uncertainty estimation,
explainability mechanisms, and integration of reactor-process models are currently con-
sidered primarily at the architectural level and are not experimentally implemented in the
present work.

Fourth, the comparative evaluation environment does not yet include

• Physically validated reactor transient simulations;
• Long-term operational datasets;
• Prolonged condition assessment under real operating conditions;
• Real-time adaptive model updating.

Direct quantitative comparison with previous studies also remains limited because dif-
ferent publications utilize different datasets, anomaly-generation procedures, preprocessing
workflows, and evaluation metrics.

The present experimental evaluation focuses primarily on comparative evaluation
under controlled multivariate perturbation scenarios. Although additional operationally
relevant metrics, including PR-AUC and False Alarm Rate, were included in the revised
comparative evaluation, further investigation of anomaly-detection delay, sensitivity with
respect to perturbation magnitude, and long-term operational robustness remains necessary
for practical deployment validation.

Such evaluation metrics are particularly important in safety-critical reactor-monitoring
environments, because excessive false alarms, delayed anomaly detection, or sensitiv-
ity variations under different transient conditions may significantly influence operator
interpretation and deployment feasibility. Future work should therefore include more
comprehensive operational validation using physically validated transient simulations,
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reactor-specific operational constraints, sensor-drift scenarios, long-term operational se-
quences, evaluation under incomplete or noisy measurements, and extended temporal
performance analysis.

The present study does not include experimental validation of real-time deployment
performance, hardware resource consumption, or online adaptive recalibration under
operational nuclear power plant conditions. The proof-of-concept adaptive recalibration
experiment is limited to simulated operating drift and threshold adaptation; it does not
represent online adaptive model updating under operational plant conditions. Several eval-
uated analytical approaches, including PCA-based reconstruction and statistical monitoring
methods, have moderate computational requirements and may be suitable for supervisory
monitoring workflows under controlled operating conditions.

Nevertheless, practical deployment of adaptive updating mechanisms would require
additional safety-oriented control procedures, including monitoring of model drift, val-
idation of recalibrated parameters before deployment, rollback mechanisms, operator
supervision, and uncertainty-aware evaluation, in order to reduce the risk of unstable
monitoring behavior or increased false-alarm rates under changing operational conditions.

Additional investigation of computational efficiency, uncertainty calibration, explain-
ability integration, and long-term operational stability also remains necessary before the
proposed architecture can be considered a deployment-ready monitoring solution for safety-
critical reactor environments. This includes maintaining an appropriate balance between
anomaly sensitivity and false-alarm burden in order to support reliable operator decision-
making and effective human–machine collaboration in safety-critical reactor environments.

7. Conclusions
(1) The present study proposes a modular digital twin-oriented architecture for reactor

process analysis, anomaly detection, and analytical support for nuclear reactor moni-
toring under multivariate operating conditions. The proposed framework integrates
multivariate reactor-data analysis, temporal analysis, reconstruction-based monitor-
ing, anomaly-score generation, and supervisory analytical integration, while adap-
tive recalibration, uncertainty-aware analysis, explainability support, and physics-
informed integration are defined as architectural extensions for future development.

(2) The experimental validation was conducted using the publicly available PWR Ab-
normality Dataset containing multivariate reactor-monitoring time-series measure-
ments. The implemented analytical workflow included temporal partitioning, sliding-
window sequence generation, controlled synthetic perturbation procedures, anomaly-
score normalization, temporal smoothing, threshold calibration, and comparative eval-
uation of several complementary analytical approaches, including temporal residual
analysis, robust multivariate monitoring, PCA-based reconstruction, anomaly-score
fusion, and score-level Gradient Boosting classification. The experimental validation
additionally included repeated evaluation runs and comparison with a conventional
Isolation Forest baseline in order to improve robustness assessment of the imple-
mented analytical monitoring approaches.

(3) The obtained results indicate that reconstruction-based and score-fusion approaches
demonstrate sensitivity to deviations in multivariate reactor-monitoring data under
controlled experimental conditions. PCA-Based Reconstruction achieved the highest
F1-score, while score-level Gradient Boosting demonstrated the highest ROC-AUC
discrimination capability between normal and abnormal operating conditions. The
experiments further demonstrate that complementary analytical approaches can be
integrated within a common analytical monitoring workflow for reactor condition
assessment and anomaly analysis. The results additionally highlight the importance
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of multivariate temporal analysis for identification of gradually developing devi-
ations associated with changing relationships among monitored process variables.
A limited proof-of-concept adaptive recalibration experiment further demonstrated
that threshold adaptation under simulated operating drift can reduce false alarms
while preserving high anomaly-detection sensitivity, providing an initial experimental
indication of adaptive monitoring behavior relevant to future digital twin deployment.

(4) The present study should be interpreted primarily as a comparative analytical val-
idation conducted within a modular reactor-monitoring architecture, rather than a
fully operational adaptive digital twin implementation. The conducted experiments
are limited to offline evaluation using controlled perturbation scenarios and do not
include experimentally validated online adaptive updating, uncertainty-estimation
mechanisms, explainability support, or coupling with physics-based reactor simula-
tions. Future work should therefore include physically validated transient scenarios,
long-term operational datasets, sensor-drift evaluation, adaptive online updating and
recalibration, uncertainty-aware monitoring, explainability integration, and additional
validation under realistic operating environments while preserving the essential roles
of operator oversight and engineering expertise.
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