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Abstract

Accurate and long-term prediction of reactor parameters during severe accidents
is critical for emergency response and accident management in Nuclear Power
Plants (NPPs). However, existing data-driven methods are often hindered by
error accumulation in long-sequence forecasting and fail to account for dynamic
external interventions (e.g., operator actions). To address these challenges, this
study proposes an integrated risk prediction framework. The framework first
employs a dual-stage deep network for early fault classification. Subsequently, a
prognostic model utilizing a CNN-BiLSTM-Attention architecture is introduced.
A novel autoregressive injection strategy is developed to dynamically integrate
secondary control signals—such as valve actions and safety injection status—into
the iterative prediction loop, thereby stabilizing long-term inference and ensur-
ing consistency with system operations. The model was trained and validated
on a dataset generated by RELAP5 simulations of an M310 reactor under vari-
ous accident scenarios (e.g., LOCA). Experimental results demonstrate that the
proposed framework significantly outperforms standard CNN and LSTM base-
lines. It achieves high-fidelity predictions for key parameters (e.g., core outlet
temperature, system pressure) over an extended 14,400 s horizon, while main-
taining robust early fault classification capabilities. This approach provides a
reliable, physics-aware decision-support tool for operator intervention during
accident progression.
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Accurate and long-term prediction of reactor parameters during severe accidents
is critical for emergency response and accident management in nuclear power
plants (NPPs). However, existing data-driven methods are often hindered by
error accumulation in long-sequence forecasting and fail to account for dynamic
external interventions (e.g., operator actions). To address these challenges, this
study proposes an integrated risk prediction framework. The framework first
employs a dual-stage deep network for early fault classification. Subsequently, a
prognostic model utilizing a CNN-BiLSTM-Attention architecture is introduced.
A novel autoregressive injection strategy is developed to dynamically integrate
secondary control signals—such as valve actions and safety injection status—into
the iterative prediction loop, thereby stabilizing long-term inference and ensur-
ing consistency with system operations. The model was trained and validated
on a dataset generated by RELAP5 simulations of an M310 reactor under vari-
ous accident scenarios (e.g., LOCA). Experimental results demonstrate that the
proposed framework significantly outperforms standard CNN and LSTM base-
lines. It achieves high-fidelity predictions for key parameters (e.g., core outlet
temperature, system pressure) over an extended 14,400 s horizon, while main-
taining robust early fault classification capabilities. This approach provides a
reliable, physics-aware decision-support tool for operator intervention during
accident progression.
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Introduction

Despite three serious nuclear accidents undermining confidence in nuclear power,
over 440 nuclear power plants are operational worldwide today [?, 7, ?]. The
issue is not if a nuclear accident will occur, but when. Therefore, accurate early-
stage fault detection and diagnosis, along with appropriate remedial measures,
are crucial for the safe operation of nuclear power plants, reducing accident
impact and economic losses. Relying solely on operators for early-stage fault
diagnosis can lead to serious consequences due to human error [?]. For example,
the 1979 Three Mile Island accident resulted from an operator’ s misdiagnosis,
causing reactor core damage [?]. To ensure safer and more reliable operations,
automatic fault diagnosis and detection methods are necessary.

A number of automated fault diagnosis and detection (FDD) methods have
been applied to nuclear power plants today, including hardware redundancy-
based, model-based, signal processing-based, and data-driven machine learning
methods [?, ?, ?]. Compared to traditional FDD methods, data-driven ma-
chine learning approaches do not require prior experience and expertise, but
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only historical data for training, which is more aligned with practical industrial
application scenarios. The use of data-driven machine learning methods has
grown rapidly in recent decades [?, 7, 7].

In recent years, artificial intelligence methods have been applied to FDD and
trend prediction in nuclear power plants, representing a subset of the data-
driven machine learning approach. For example, Artificial Neural Networks
(ANNS) are used for reliability assessment of passive systems [?] and accident
prevention systems [?]. Convolutional Neural Networks (CNNs) have been pro-
posed for crack detection [?] and diagnosing flow-accelerated corrosion-induced
pipe thinning [?]. Recently, accident diagnosis systems based on recurrent neu-
ral networks have been developed that are tolerant to sensor faults [?, ?]. A
new fault diagnosis scheme based on CNN and LSTM—a special type of recur-
rent neural network—has been proposed and verified using different operational
states along with four different fault types and one blind case [?]. Additionally,
a CNN-LSTM hybrid model has been used for fault diagnosis [?].

These data-driven machine learning methods for FDD mainly categorize fault
types or monitor outliers, but do not provide early incident warnings. Thus,
another research category uses data-driven machine learning to predict trends,
aiding operators in diagnosis and response. For example, LSTM neural net-
works are used for long-term trend prediction of steam generators [?] and reac-
tor coolant pumps [?]. While successful, these predictions span days, whereas
faults can escalate to serious accidents in minutes to hours, limiting early fault
diagnosis and reaction. A cost-sensitive LSTM (CS-LSTM) method predicts
water level trends in reactor pressurizers [?], but it fails to consider correlations
between multiple parameters, offering limited predictive time and assistance
during emergencies. Nine prediction models based on Multilayer Perceptron,
RNN, and LSTM were tested for real-time prediction of multiple nuclear plant
parameters [?]. Despite considering parameter correlations, their predictions
still provide only short-term trends.

In this study, we propose an integrated Fault Diagnosis and Risk Prediction
Framework based on deep learning architectures, validated primarily on Loss-of-
Coolant Accident (LOCA) scenarios. The framework comprises two synergistic
components: first, a Dual-Stage Spatiotemporal Network is introduced for the
rapid and accurate pre-classification of accident types at the early stage. Build-
ing on this diagnosis, the second component utilizes a CNN-BiLSTM model to
execute long-term prognosis. By employing a multi-input multi-output struc-
ture combined with a multi-step autoregressive strategy [?, ?, 7, ?, ?, 7], the
model is capable of simultaneously forecasting the trends of 31 critical physi-
cal parameters—including main system pressure, core outlet temperature, and
containment pressure—in real-time. A key breakthrough of this approach is the
extension of the reliable prediction horizon to 3600 s, enabling full-spectrum
coverage of various accident stages. Furthermore, unlike static forecasting mod-
els, this framework explicitly integrates operator interventions (dynamic signal
injection) into the inference loop. This dynamic capability provides operators
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with long-term, action-responsive trend predictions, significantly enhancing the
reliability of fault diagnosis and emergency decision-making.

II. Data Preparation

This section focuses on the generation of LOCA accident data, the preprocess-
ing scheme for training data, the basic structure of the model, the training
methodology, and the prediction approach. The dataset was computed by the
RELAPS5 simulation software based on designed fault sequences. The dataset is
routinely screened, and wavelet noise reduction is applied to remove oscillatory
noise. The dataset is then divided into training and test sets according to an
8:2 ratio. The normalized data is used to train the model based on the set hy-
perparameters. A multi-step iterative prediction approach was used to forecast
72 reactor parameters for future periods after the fault.

A. Accident Simulation

In this paper, the M310 nuclear power plant is used as an example. RELAP5 is
employed to simulate the operation of the nuclear power plant, and the LOCA
accident is simulated by inserting a breach in the primary coolant loop of the
reactor [?, 7, ?]. RELAPDS is a premier thermal-hydraulic simulation tool used to
analyze the dynamic response of reactor systems following operational transients.
Through precise design of input boundary conditions, it enables simulation of
distinct accident types: Loss-of-Coolant Accidents (LOCA) defined by rapid
depletion of reactor coolant inventory; Steam Generator Tube Ruptures (SGTR)
leading to containment bypass via tube failure; Main Steam Line Breaks (MSLB)
causing excessive system overcooling; Station Blackout (SBO) characterized by
complete loss of all AC power sources and subsequent failure of active safety
systems; and Loss of Main Feedwater (LOFW) resulting in degradation of the
steam generators’ heat removal capability.

Input cards have been created according to the key parameters of the M310
nuclear power plant in Table 1 and input into RELAP5 to obtain simulated
LOCA data for training and testing the neural network model. The LOCA
is initiated through the sequence of events designed in Table 2 , assuming the
accident occurs from time t;. At t,, the nuclear power plant loses power. At t,,
a main transformer ground fault occurs while the main pumps are stopped, the
reactor is shut down, the turbine is shut down, and primary feedwater is stopped.
At t4, auxiliary feedwater begins operation. At t,, a random-sized breach occurs
in the primary coolant loop. At ts, the High-Pressure Safety Injection System
(HPSIS) is activated. At tg, the HPSIS fails. Eventually, coolant is lost from
the primary coolant loop through the breach. This process was simulated using
RELAPS, yielding a total of 700 LOCA simulations with run times ranging from
400 s to 50,000 s, depending on the size of the inserted breach.

Each dataset was recorded at 10-second intervals during reactor operation for
a total of 72 parameters, including main system pressure, heat pipe section
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temperature, reactor core outlet temperature, pressure vessel wide-range water
level, pressurizer pressure, steam generator pressure, and containment upper
compartment pressure.

B. Data Pre-Processing

To improve model training efficiency and prediction accuracy, the data obtained
from RELAP5 must be pre-processed, and data that do not meet requirements
must be discarded before training the CNN-BIiLSTM model. The data are first
pre-screened: samples are considered too short if the accident duration time t <
600 s, and no LOCA is considered to have occurred if there is no loss of coolant
or if the pressure of the main system is maintained above 15.5 MPa throughout
the accident. After screening, 370 samples remain available for model training.

Missing values for a parameter in a sample are replaced with the average value
of that parameter across the sample. The data are then randomly divided into
training and test sets in a 9:1 ratio. The 333 training samples contained data
sliced to a length of 240 s, resulting in 1,173,251 training data points using a
sliding window of 10 s.

Figure 1 [Figure 1: see original paper] illustrates the original simulation data ver-
sus the denoised signal for steam generator pressure. By analyzing the RELAP5
simulation results, it was found that the steam generator pressure exhibited se-
vere oscillation during the late stage of LOCA. Due to coolant inflow into the
steam generator during the late accident stage, pressure increases until reach-
ing the limit, at which point the relief valve opens to release pressure, causing
a decrease. The relief valve then closes, but continuous coolant inflow causes
pressure to rise again, resulting in a repetitive process that creates violent oscil-
lations around the relief valve threshold. Such oscillating signals may hinder the
model’ s ability to learn useful information. Therefore, the data was smoothed
using wavelet noise reduction, which is only effective for high-frequency noise
and does not affect the values of other parameters during the process [?].

As illustrated by the red curve in Figure 1, the noise reduction process signifi-
cantly attenuates the oscillations in SG pressure while preserving data integrity
with minimal distortion. The overall trend remains consistent, and the evolu-
tionary characteristics of the parameters are preserved. Testing revealed that
noise reduction significantly increases model learning efficiency, as evidenced by
the decrease in training loss shown in Figure 11 [Figure 11: see original paper]
of the Appendix.

III. Methodology
A. Integrated Diagnosis and Prediction Framework

Figure 2 [Figure 2: see original paper| presents the comprehensive framework
of the proposed methodology, which systematically integrates data generation,
fault diagnosis, and long-term prognostic prediction. The process begins with
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establishing a high-fidelity fault dataset utilizing RELAP5 simulations, followed
by data preprocessing to standardize inputs.

For fault identification, the system employs a Dual-Stage Spatiotemporal
Network (top-right panel). This module extracts deep feature representations
through cascaded CNN-BiLSTM blocks and an Attention mechanism to
accurately classify accident types (e.g., LOCA, MSLB, SGTR, LOFW, SBO)
at the onset of a transient.

Upon identifying the fault type, the system activates the Disaster Prediction
Module. As illustrated in the “Prediction Method” diagram (bottom-right),
predictions are generated using a CNN-BiLSTM architecture governed by a
multi-step iterative strategy with dynamic signal injection. This strategy ex-
plicitly categorizes the 72 system parameters into 31 physical state parameters
(to be predicted) and 41 signal parameters (control variables). In each predictive
step, the CNN-BiLSTM model forecasts the physical state for the subsequent
40 seconds. These predictions are then concatenated with the corresponding
signal parameters to reconstruct the complete system state. This fused vector
updates the sliding window input for the next iteration, enabling the model to
maintain physical consistency and stability over extended prediction horizons.

B. Design of Neural Network Models

To implement the integrated diagnosis and prediction framework, two special-
ized variations of the CNN-BiLSTM architecture were designed. The first is the
Fault Pre-classification Model, which adopts a Dual-Stage Spatiotemporal Net-
work architecture [?, ?, ?]. Unlike standard single-pass models, this classifier
incorporates a unique feature reconstruction stage that refines latent representa-
tions before passing them to the deep classification stage. This hierarchical de-
sign ensures robust identification of distinct accident types (e.g., LOCA, SGTR,
MSLB, LOFW, SBO) by effectively filtering noise and enhancing critical feature
patterns from raw sensor data.

Building upon this architectural foundation, the Disaster Prediction Model is
specifically optimized for continuous multi-step forecasting. This model was
implemented using the PyTorch framework, and its core architecture comprises
a CNN layer, a Bi-LSTM layer, and a self-attention layer [?, ?, ?, ?, ?, ?]. Func-
tionally, the CNN layer first extracts deep spatial coupling patterns among mul-
tiple physical parameters from the reshaped 2D feature matrix. Subsequently,
the BiLSTM encodes the sequence to precisely capture the long-range temporal
dependencies inherent in accident evolution. Finally, an attention mechanism
introduces adaptive weighting to dynamically focus on the critical time points
that contribute most significantly to the prediction.

The detailed structure of the prediction model is illustrated in Figure 3 [Fig-
ure 3: see original paper]. The architecture connects the CNN, BiLSTM, and
Attention layers sequentially via Tanh activation functions. Specifically, the
CNN module contains two convolutional layers and two pooling layers, inter-
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connected by ReLU activation functions. The input data is convolved, pooled,
and reshaped into an n x 72 matrix before being passed to the BiLSTM layer.
The BiLSTM module, consisting of 6 hidden layers, processes this sequence to
capture temporal dynamics. The output is then forwarded to the attention layer,
where variable weights are recalculated to highlight salient features before the
final result is generated by the output layer.

For the prediction task, the model input is defined as a 24 x 72 matrix, rep-
resenting historical data of 72 reactor parameters over the past 240 s. The
output is a 4 x 31 matrix, forecasting the 31 key physical parameters for the
subsequent 40 s. The model comprises a total of 105,184 trainable parameters.
Hyperparameters were optimized based on dataset size and task complexity;
specific settings are detailed in Table 3 . Training utilized a batch size of 256,
a learning rate of 0.0005, and 250 epochs, employing the Adam optimizer. The
loss function is defined as Mean Squared Error (MSE), calculated as:

MSE = (2 —,)?

where n represents the number of observations, while Z;, and z; denote the
predicted values and ground-truth simulation values for sample i, respectively.
Before training, the dataset is normalized and partitioned into batches to ensure
efficient model convergence.

Table 3. Hyperparameters for model training

Parameter Value
Batch size 256
Epoch 250

Learning rate  0.0005

Weight Decay 0.00001

Optimizer Adam

Loss function  Mean Square Error

C. Prediction Model Training

A specialized multi-step autoregressive training strategy was implemented to
enhance the model’ s stability for long-term forecasting [?, ?, ?]. This approach
executes a recursive loop of four iterations within each training batch to ex-
plicitly simulate the error propagation process inherent in sequential prediction.
During the i-th iteration of this loop (i {0, 1, 2, 3}), the model processes the
current input matrix, representing 240 seconds of history for all 72 parameters,
to forecast the 31 physical parameters for the subsequent 40-second interval.
The deviation between these predictions and ground truth values is quantified
using MSE, denoted as L,. To mitigate the impact of cumulative errors in later
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prediction stages, a progressive weighting factor w; is applied to the loss of each
successive iteration.

The training phase employs a physics-informed state reconstruction mechanism
to dynamically update the input sequence. The generated predictions for the
31 physical parameters are concatenated with the ground truth values of the
41 signal parameters for the corresponding timeframe. This fusion reconstructs
the complete 72-parameter state vectors using accurate external intervention
signals. These reconstructed vectors are then appended to the end of the input
sequence via a sliding window mechanism, discarding the oldest 40 seconds of
data to form the input for the subsequent iteration. Upon completion of the four
recursive iterations, backpropagation and parameter optimization are performed
based on the accumulated total weighted loss L,,;,;, formulated as:

Ligtar = »_w;L;, with w, =1+ 0.2(i + 1)

In this formulation, the coefficient w, increases with the iteration step, thereby
assigning higher penalties to prediction errors occurring further in the future [?].
This methodology conditions the model to capture the evolutionary trends of
the 31 physical parameters under specific control actions while simultaneously
learning to correct potential errors introduced by its own prior predictions.

D. Disaster Prediction

In real accident scenarios, reactor parameter information may not be available
after the accident occurs. Therefore, the model must predict reactor param-
eter trends over extended future periods using only short-term pre-accident
information. Additionally, considering that manual and automatic remedial
interventions will occur after the accident, the model should be able to insert
the effects of these interventions into the input during the prediction process.
Consequently, the CNN-BIiLSTM model adopts a multi-step iterative prediction
method that can forecast future trends of 31 physical reactor parameters over
any length of time using information from 72 reactor parameters over the 240 s
before the accident, with optimization focusing primarily on the 3600 s period
after accident initiation.

The prediction process is shown in Figure 2 (bottom-right panel). During pre-
diction, the 72 reactor parameters are divided into two categories: physical
parameters (including main system pressure, reactor core outlet temperature,
steam generator pressure, etc.) totaling 31 parameters, and signal parameters
(including feedwater opening signals, high-pressure injection opening signals,
and various valve opening/closing signals) totaling 41 parameters, which are
primarily Boolean-type. When a nuclear power plant fault occurs, the model
is activated and reactor parameters are read as input for the first round of
prediction.
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For the first prediction step, a matrix representing 240 seconds of history for
all 72 parameters, combined with temporal encoding, serves as the input. The
model then generates an output matrix representing the predicted values of the
31 parameters for the subsequent 40 seconds. Under the assumption that the 41
signal parameters remain constant in the absence of external updates, the model
output is concatenated with these signal parameters to form a complete state
matrix. This new data block is appended to the input sequence while discarding
the oldest data points to maintain a sliding window. Combined with updated
temporal information, this constructs the input for the subsequent prediction
cycle. By recursively advancing 40 seconds at each step, the model achieves
continuous long-term forecasting of reactor parameter evolution.

IV. Results Analysis

This section presents experimental results, organized to first demonstrate fault
diagnosis capabilities and subsequently evaluate long-term parameter predic-
tion performance. Initially, the model’ s efficacy in early accident detection
and identification of diverse fault types is analyzed. Following this, the training
outcomes of the proposed CNN-BiLSTM prediction architecture are detailed, in-
cluding comparative analysis against benchmark CNN, LSTM, and CNN-LSTM
models. Finally, the predictive capability of the model for 31 key reactor parame-
ters during LOCA scenarios is assessed across varying break sizes and prediction
horizons.

A. Fault Diagnosis

The recognition ability of the CNN-BIiLSTM model in the early stage of acci-
dents was tested first. Data for several accident types—SGTR, MSLB, LOFW,
and SBO—were calculated via RELAPS5 simulation and used to train the acci-
dent classifier. The training results are shown in Figure 4 [Figure 4: see original
paper] and Figure 5 [Figure 5: see original paper]|. The model’ s recognition
ability for these five accident types was tested, with results shown in Table 4 .
These results demonstrate that the CNN-BiLSTM model is capable of accurately
identifying different types of faults at the early stage, which is a prerequisite for
selecting the appropriate prediction model.

Table 4. Classification accuracy

Accident  Accuracy

LOCA 100.0%
SGTR 100.0%
MSLB 100.0%
LOFW 93.48%
SBO 100.0%
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B. Parameter Predictions

Following accurate diagnosis, the parameter prediction model is activated. The
primary model was trained according to structural specifications and hyper-
parameter settings defined in Section III. Training and validation losses were
monitored across all epochs to evaluate convergence. Figure 6 [Figure 6: see
original paper] illustrates the model training loss, with the red curve represent-
ing performance on the training set and the blue curve indicating loss on the
test set. The loss is obtained via MSE. The figure shows that loss decreases
rapidly in initial training rounds, reaching a minimum of 0.000253 after 200
training rounds on the test set. After 250 training rounds, the model’ s loss
on the training set converges to 0.000205. The minimal discrepancy between
training and test set losses indicates strong generalization capability.

To ensure rigorous comparison, baseline models were trained using identical
hyperparameter configurations. Training losses for CNN, LSTM, CNN-LSTM,
and CNN-BiLSTM models are compared in Table 5 .

Table 5. Train loss on different models

Model Epoch Parameter Loss

CNN-LSTM 250 (value not specified)
CNN-BIiLSTM 250 0.000205

The overall performance of the CNN-BiLSTM model on the test set was evalu-
ated using the test measurement RRMSE :

n t _ At\2

RRMSE, = J 2t B
Zi:1 €Ty

where n is the number of observations, and Z! and z! are the predicted and
simulation true values at t seconds on sample i, respectively. Results are shown
in Table 6 . The model’ s prediction performance on the test set is stable,
with minimal average deviation from simulation results. RRMSE < 20% for the
full prediction time and RRMSE < 10% for most of the time, while regulator
temperature predictions achieve RRMSE < 5%.

Table 6. RRMSE on test sample

Feature 1000s 1500s 2000s 2500s 3000s 3500s 4000s

Main 4.12% 6.64% 11.8% 14.5% 13.0% 11.9% 15.3%
system
pressure
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Feature 1000s 1500s 2000s 2500s 3000s 3500s 4000s

Pressure  3.59% 7.88% 5.45% 4.92% 6.50% 5.55% 6.87%
vessel

wide

range

water

level

Core 1.15% 7.04% 2.37% 10.1% 4.83% 3.78% 3.06%
outlet

tempera-

ture

Regulator 1.16% 1.07% 0.71% 0.84% 0.90% 0.77% 0.66%
tempera-

ture

Steam 1.91% 4.14% 3.58% 7.21% 8.35% 7.46% 4.11%
genera-

tor

pressure

Containment#.87%  7.84%  9.56%  9.85%  7.53% 7.10%  7.40%
vessel

pressure

The predictive effectiveness of the CNN-BiLSTM model was further evaluated
across different accident samples. Since the progression timeline from fault ini-
tiation to potential core meltdown depends heavily on breach size, datasets of
varying durations were selected to assess model performance under different dy-
namic conditions. Specifically, durations of 0-5000 s, 5000-20000 s, and >20000
s represent large-breach, medium-breach, and small-breach LOCAsS, respectively.
The simulation protocol involves loss of offsite power at 400 s, followed by breach
initiation at 640 s, after which model inference commences. Evaluation focused
on prediction of six key reactor parameters: main system pressure, pressure
vessel wide-range water level, core outlet temperature, pressurizer temperature,
primary loop SG pressure, and containment pressure.

Figure 7 [Figure 7: see original paper] and Figure 8 [Figure 8: see original paper]
show model predictions of reactor key parameters at 0 s and 2000 s after the
occurrence of a break in a large-breach LOCA accident, with a prediction length
of 3600 s. Blue curves show RELAP simulation results, and red curves show
model predictions. In Figures 7(b) and 7(c), model predictions describe this
period well, with core temperature rising due to coolant loss, leaving the core
bare in the 1000-2000 s interval, and falling as injection opens to refill the core.
In Figures 8(b) and 8(c), the model also describes well the continued coolant
loss from auxiliary feedwater failure about 3000 s after the accident, and the
complete coolant loss after 4000 s, resulting in the reactor core being exposed
again and temperature rising until meltdown.
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Figure 9 [Figure 9: see original paper|, together with Figure 15 [Figure 15:
see original paper] and Figure 16 [Figure 16: see original paper| in the Ap-
pendix, illustrate model predictions for a medium-breach LOCA initiated at 0 s,
5000 s, and 10000 s post-breach, respectively, with a 3600 s prediction horizon.
Blue curves represent RELAP simulation ground truth, while red curves denote
model predictions. Similarly, Figure 17 [Figure 17: see original paper|, Figure
18 [Figure 18: see original paper], and Figure 19 [Figure 19: see original paper]
in the Appendix depict reactor key parameter predictions for a small-breach
LOCA at the same intervals of 0 s, 5000 s, and 10000 s post-breach, with a
constant prediction length of 3600 s. The comparison between RELAP simula-
tion results (blue) and model predictions (red) demonstrates tracking capability
across different accident scales.

Model performance for longer prediction periods was also tested. The same sam-
ples were chosen, with results shown in Figure 20 [Figure 20: see original paper]
(see Appendix) and Figure 10 [Figure 10: see original paper], where the model
predicts key reactor parameter trends for 14,400 s after breach insertion. Blue
curves show RELAP simulation results, and red curves show model predictions.

These plots demonstrate that CNN-BiLSTM model predictions of changes in six
key parameters over time after LOCA-type accidents with different breach sizes
are in good agreement with RELAP5 simulation results. The model accurately
predicts the process from coolant loss leading to an exposed reactor core, fol-
lowed by temperature rise and eventual core meltdown. The model also agrees
with simulation results in predicting different accident stages. The results in
Figure 20 of the Appendix and Figure 10 show that the CNN-BiLSTM model is
stable and can accurately predict reactor parameter evolution for up to 4 hours.

Conclusion

This paper proposes an integrated Fault Diagnosis and Risk Prediction Frame-
work based on deep learning architectures to enhance safety management in
nuclear power plants. Validated on typical accident sequences simulated by RE-
LAPS5 for an M310 reactor, the framework demonstrates superior performance
in both early fault identification and long-term prognostic forecasting.

First, the Dual-Stage Spatiotemporal Network exhibited robust generalization
capabilities in the pre-classification task. By utilizing limited data from the
early accident stage, the model accurately identified five distinct accident types:
LOCA, SGTR, MSLB, LOFW, and SBO. Recognition accuracy reached 100%
for LOCA, SGTR, MSLB, and LOFW, and exceeded 93% for SBO. Furthermore,
the model successfully distinguished between different break sizes in LOCA sce-
narios, providing a reliable foundation for selecting appropriate downstream
prediction models.

Second, the Disaster Prediction Model, underpinned by a CNN-BiLSTM archi-
tecture and multi-step autoregressive strategy with dynamic signal injection,
effectively addressed the challenge of long-term prediction instability. Experi-
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mental results confirm that the model can accurately forecast trajectories of 31
key physical parameters. Specifically, the model maintained an average Rela-
tive Root Mean Square Error (RRMSE) of less than 10% over a standard 3600 s
horizon. Moreover, stability tests demonstrated that the model effectively con-
verges and tracks accident progression for extended periods up to 14,400 s (4
hours), accurately capturing critical phases from coolant loss to potential core
meltdown.

The CNN-BIiLSTM model’ s ability to quickly identify accident type and accu-
rately predict reactor state can assist nuclear power plant emergency responders
in understanding reactor condition, accident severity, and accident development
trends, enabling them to take more effective and appropriate remedial measures.
Furthermore, this predictive framework paves the way for future development
of Autonomous Intervention Models based on Deep Reinforcement Learning [?],
aiming to evolve from passive decision support to active, intelligent accident
mitigation. This work provides a reliable, physics-aware decision-support tool,
advancing the field from passive monitoring toward active, intelligent mitiga-
tion during accident progression. Future research will focus on extending the
framework to a broader spectrum of accident scenarios, optimizing the model
for real-time deployment, and exploring its integration with plant digital twin
systems.
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Appendix
A. Key Parameter Predictions of LOCA Scenario

Figure 11 [Figure 11: see original paper]. Comparison of training loss on raw
and denoised datasets.

Figure 12 [Figure 12: see original paper]. RRMSE of parameter predictions
starting at Os.

Figure 13 [Figure 13: see original paper]. RRMSE of parameter predictions
starting at 5000s.

Figure 14 [Figure 14: see original paper]. RRMSE of parameter predictions
starting at 10000s.

Figure 15 [Figure 15: see original paper]. Model prediction results of reactor
key parameters starting at 5000s after medium-breach LOCA.

Figure 16 [Figure 16: see original paper]. Model prediction results of reactor
key parameters starting at 10000s after medium-breach LOCA.

Figure 17 [Figure 17: see original paper]. Model prediction results of reactor
key parameters starting at Os after small-breach LOCA.

Figure 18 [Figure 18: see original paper]. Model prediction results of reactor
key parameters starting at 5000s after small-breach LOCA.

Figure 19 [Figure 19: see original paper]. Model prediction results of reactor
key parameters starting at 10000s after small-breach LOCA.

Figure 20 [Figure 20: see original paper]. Long-term trend prediction of key
reactor parameters at 14400s in medium-breach LOCA.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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