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Abstract

Small modular reactors are progressing towards greater levels of automation and intelli-
gence, with intelligent control emerging as a pivotal trend in SMR development. When
contrasted with traditional commercial nuclear power plants, SMR display substantial
disparities in design parameters and the designs of safety auxiliary systems. As a result,
fault diagnosis systems tailored for commercial nuclear power plants are ill-equipped for
SMRs. This study utilizes the PCTRAN-SMR V1.0 software to develop an intelligent fault
diagnosis system for the SMART small modular reactor based on an attention mechanism.
By comparing different network models, it is demonstrated that the CNN–LSTM–Attention
model with an attention mechanism significantly outperforms CNN, LSTM, and CNN–
LSTM models, achieving up to a 7% improvement in prediction accuracy. These results
clearly indicate that incorporating an attention mechanism can effectively enhance the
performance of deep learning models in nuclear power plant fault diagnosis.

Keywords: fault diagnosis; CNN; LSTM; CNN–LSTM; CNN–LSTM–Attention; PACTRAN-
SMR; deep learning

1. Introduction
Small modular reactors (SMRs) [1–5], distinguished by their modular design, passive

safety systems, and scalable deployment, have become a focal point in nuclear technol-
ogy innovation [6–12]. With over 50 disclosed designs across 11 countries—including
operational units like China’s CNP-300 and construction-phase projects such as Russia’s
KLT-40S—SMRs are projected to contribute ~8.8 GWe to global nuclear capacity by 2030,
accounting for >2% of total installations [13–17]. This growth is driven by their potential
to address grid integration challenges posed by intermittent renewables while enabling
decentralized energy systems [18–22].

Ensuring SMR safety remains a critical technical challenge, underscored by historical
nuclear accidents (e.g., Fukushima, Chernobyl) that highlight the need for robust fault
diagnosis [23–25]. Traditional fault diagnosis methods—encompassing analytical models,
signal processing, and shallow machine learning—exhibit inherent limitations in complex
nuclear systems. Analytical approaches, such as Takagi–Sugeno (T-S) descriptor observers,
rely on precise physical modeling that struggles to capture SMRs’ nonlinear dynamics
(e.g., rapid pressure decay during loss-of-coolant accidents) and modular design uncer-
tainties [26,27]. Signal processing techniques, while effective for specific fault signatures,
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lack generalizability across diverse operational scenarios [28]. Shallow machine learn-
ing methods (e.g., hidden Markov models, support vector machines) face challenges in
high-dimensional feature extraction, often leading to overfitting in nuclear power plant
datasets [29–31].

Deep learning has emerged as a transformative solution for SMR fault diagnosis,
leveraging multi-layer neural architectures to enable hierarchical feature extraction from
multivariate time-series data. Unlike traditional methods, deep neural networks (DNNs)
excel in modeling complex nonlinear relationships—such as the coupling between nuclear
power feedback and coolant temperature—without requiring explicit physical model-
ing [32–35]. This is particularly critical for SMRs, where scaled-down parameters and
passive safety systems introduce unique operational uncertainties that defy conventional
modeling approaches. For example, hybrid architectures like CNN–LSTM–Attention can
simultaneously capture spatial–temporal correlations in sensor data and prioritize critical
fault indicators, enabling real-time anomaly detection during transient events [36,37].

The transition from analog to digital instrumentation in nuclear systems has further
enabled data-driven diagnostics. Modern SMRs generate high-frequency operational data
(e.g., pressure, temperature, flow rates) that can be harnessed by deep learning models to
identify incipient faults. However, this presents two key technical challenges: (1) managing
the curse of dimensionality in multi-sensor datasets and (2) ensuring diagnostic reliability
under limited fault sample conditions. To address these, this study proposes a transfer
learning-based framework that combines pre-trained deep neural networks with domain-
specific fine-tuning, enabling robust fault classification even with scarce labeled data [38].

Specifically, the research focuses on developing a hybrid CNN–LSTM–Attention model
tailored for SMR accident scenarios. The model architecture integrates convolutional neural
networks (CNNs) for extracting spatial features from sensor arrays, capturing concurrent
fault signatures across multiple channels. long short-term memory (LSTM) networks
to model temporal dependencies in dynamic processes are essential for predicting fault
progression. Attention mechanisms are used to weight the importance of different sensor
inputs, enhancing diagnostic sensitivity to critical parameters (e.g., reactor pressure vessel
temperature during overheating events).

This framework is validated against synthetic SMR fault datasets generated via high-
fidelity system simulations, encompassing loss-of-coolant accidents (LOCA), control rod
malfunctions, and steam generator tube ruptures. By comparing model performance
against traditional methods (e.g., T-S observers, SVM) across metrics like fault detection
latency and classification accuracy, the study aims to establish a benchmark for intelligent
SMR diagnostics [39–41].

This research contributes to the advancement of intelligent nuclear safety systems
by demonstrating the technical feasibility of deep learning for SMR fault diagnosis. By
enhancing diagnostic reliability and reducing false alarm rates, the proposed framework
supports the safe deployment of next-generation nuclear technologies, aligning with global
efforts to decarbonize energy infrastructure while maintaining grid security [42,43].

2. PCTRAN-SMR
2.1. SMART

SMART, developed by the Korea Atomic Energy Research Institute (KAERI), repre-
sents an innovative small modular reactor [38]. With a designed power output of 330 MWt
(roughly equivalent to 100 MWe), SMART is specifically crafted to fulfill the energy require-
ments of various applications. These applications range from electricity generation, district
heating, and seawater desalination to industrial processes. Featuring an advanced and
compact design, SMART incorporates state-of-the-art safety features, high efficiency, and
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adaptability. As such, it emerges as a promising solution to address energy challenges in
both urban and remote regions. The system’s design flow diagram is presented as Figure 1.

Figure 1. Flowchart of the SMART.

The design of SMART is grounded in an integrated configuration. In this setup, the
reactor core, steam generators, pressurizer, and reactor coolant pumps are all housed
within a single pressure vessel. This design obviates the necessity for external piping,
thereby slashing the risk of coolant leakage and streamlining maintenance procedures.
By leveraging natural circulation for heat extraction and incorporating passive safety
systems, SMART bolsters its resistance to potential accidents, guaranteeing a high echelon
of operational safety. Engineered to endure extreme conditions, including earthquakes
and tsunamis, SMART embodies a robust design philosophy. Scalability and modular
construction are among SMART’s defining traits. The modular approach enables the factory
fabrication of major components, which curtails on-site construction time and costs. This
renders SMART highly appealing to countries or regions with insufficient infrastructure
for traditional large-scale nuclear power plants. Its compact size and modular nature also
facilitate incremental capacity expansions, empowering utilities to more effectively match
energy supply with burgeoning demand. SMART is eminently suitable for multipurpose
applications. For example, in areas plagued by scarce freshwater resources, it can underpin
desalination plants, generating potable water while producing electricity. Its capacity to
supply district heating makes it a practical alternative in colder climates, lessening the
reliance on fossil fuels for heating. Moreover, its potential for industrial process heat
applications further extends its utility across diverse economic sectors. From an economic
vantage point, SMART wields a competitive edge with its streamlined construction process,
diminished operational costs, and extended fuel cycle. Its refueling interval of up to three
years minimizes downtime and boosts energy availability. Additionally, the reactor’s
smaller footprint and lower initial capital investment requisites render it a viable option
for developing nations or regions making the transition to cleaner energy sources. Safety
remains the cornerstone of SMART’s design. The reactor is equipped with multiple passive
safety systems that function sans external power, ensuring core cooling in emergency
situations. These systems hinge on natural physical principles like gravity and natural
convection, eliminating the reliance on active mechanical components. Moreover, due to its
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inherent safety features, SMART has a low probability of severe accidents, and it complies
with rigorous international safety standards. The development of SMART dovetails with
the global trends towards decarbonization and sustainable energy. As nations strive to
achieve climate goals and curtail greenhouse gas emissions, small modular reactors such
as SMART present a reliable, low-carbon energy solution. Its flexibility in deployment,
combined with its capacity to integrate with renewable energy sources, positions SMART
as a pivotal entity in the transition to a cleaner energy future.

In summary, the system-integrated modular advanced reactor symbolizes a momen-
tous stride in nuclear technology. It surmounts the limitations of conventional reactors
while catering to the burgeoning global demand for versatile, safe, and sustainable en-
ergy solutions. With its innovative design, economic merits, and extensive applicability,
SMART holds the potential to revolutionize the nuclear energy panorama and contribute
substantially to global energy security and environmental sustainability.

2.2. PCTRAN-SMR Software

PCTRAN, as a professional nuclear power plant system analysis program, demon-
strates remarkable superiority and reliability in the simulation field. It adopts the modular
modeling concept, enabling precise simulation of the thermal-hydraulic characteristics of
key equipment such as reactor coolant systems, steam generators, and pressure vessels. It
supports multi-condition transient analysis and accident simulation. The program is based
on strict physical conservation equations and verified engineering models and has been
tested by international benchmarks (such as NSRR, PSBT) and verified by actual power
plant data, possessing high computational accuracy and predictive capabilities. Addition-
ally, as shown in Figure 2, PCTRAN-SMR provides a user-friendly graphical interface and
flexible user-defined functions, supporting multi-parameter sensitivity studies, and can
effectively serve fields such as nuclear power plant design optimization, safety assess-
ment, and operator training, providing solid and reliable technical support for scientific
research and engineering applications in the nuclear engineering field. PCTRAN-SMR
(personal computer transient analyzer for system-integrated modular advanced reactor),
developed by Micro-Simulation Technology, is a specialized simulation software crafted
for the analysis of SMART operations and educational purposes [39]. It stands as an es-
sential tool for engineers, researchers, and students, enabling them to model, analyze, and
understand the dynamic behavior of SMART under various operational conditions and
hypothetical situations. Integrating high-fidelity modeling with a user-friendly interface,
this software offers realistic simulations. These simulations play a crucial role in enhancing
safety training and operational planning for advanced nuclear systems. Specifically tailored
to SMART, PCTRAN-SMR is capable of simulating its unique features, such as compact
reactor designs, modular configurations, and advanced safety mechanisms. By incorpo-
rating comprehensive models of core physics, thermal-hydraulics, and control systems,
it facilitates in-depth analysis of normal operations, transient phenomena, and accident
scenarios. This functionality provides a valuable platform for training and risk assessment,
especially in the context of next-generation nuclear technologies. PCTRAN-SMR is capable
of replicating the core component of the SMART design—the passive safety system. These
systems utilize natural phenomena like gravity, natural convection, and heat conduction
to ensure reactor safety without relying on external power or operator intervention. The
software allows users to visualize and assess the performance of these systems during
critical events such as loss-of-coolant accidents (LOCA), station blackouts, and overheating
scenarios, providing critical insights into their effectiveness in mitigating risks. Moreover,
the software supports the study of advanced control strategies implemented in SMART
systems. Equipped with an interactive interface, users can modify control parameters
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and observe their real-time impact on reactor performance. This hands-on aspect makes
PCTRAN-SMR an effective educational tool, facilitating scenario-based learning and pro-
moting a deeper understanding of SMR behavior and modern nuclear safety principles.
The modular architecture of PCTRAN-SMR further enhances its adaptability, allowing for
customization according to specific reactor designs and research objectives. This versatility
ensures its applicability across academic research, industry training, and regulatory analy-
sis. The intuitive user interface, featuring graphical displays, real-time data plotting, and
interactive controls, broadens the software’s accessibility. It makes the software suitable
for non-specialists, including policymakers, educators, and stakeholders, to explore the
potential of SMART technologies. PCTRAN-SMR also contributes to the wider adoption of
SMART by highlighting its economic and environmental benefits. Through simulations
of operational efficiency and accident mitigation, the software demonstrates SMART’s
reliability and safety, thus building confidence in nuclear energy as a clean and sustainable
power source. These capabilities are in line with global decarbonization goals, promoting
nuclear energy as a key component of future energy systems. In terms of emergency
preparedness, PCTRAN/SMR serves as a robust platform for training operators and first
responders to handle unexpected events. Its ability to recreate complex accident scenarios
in a controlled virtual environment aids in the development of effective crisis management
strategies, ensuring better preparedness to protect personnel, facilities, and the environ-
ment. As nuclear technology continues to evolve, PCTRAN-SMR remains at the forefront
of simulation tools, offering unparalleled capabilities for the study and implementation
of SMART systems. Its role in promoting education, safety, and regulatory frameworks
underscores its significance as a comprehensive resource within the nuclear industry.

 

Figure 2. PCTRAN-SMR Software Interface.

In conclusion, PCTRAN-SMR is a sophisticated, versatile, and indispensable sim-
ulation platform that supports the development, operational optimization, and safety
evaluation of SMART systems. By enabling detailed and interactive simulations, it serves
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as a vital resource for the safe and efficient integration of SMR technologies into the global
energy infrastructure.

2.3. SMR and PWR LOCA Accident Simulation Analysis

Using the PCTRAN-PWR and PCTRAN-SMR simulation tools, a LOCA was modeled
during normal operation, featuring a 3 cm2 break in the cold leg. Key parameters ana-
lyzed included primary circuit pressure, nuclear power output, average primary circuit
temperature, pressurizer water level, feedwater flow rate, and steam generator pressure.
The results are documented in the respective figures. A comparison of Figures 3 and 4
highlights significant differences in how commercial pressurized water reactors (PWRs)
and SMART reactors respond to identical LOCA conditions.

 
(a) Primary circuit pressure (b) Nuclear power 

  
(c) Average temperature of primary circuit (d) Pressurizer water level 

  
(e) Feedwater flow rate (f) Steam generator pressure 

Figure 3. SMART LOCA Fault Trend Chart.
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(a) Primary circuit pressure (b) Nuclear power 

  
(c) Average temperature of primary circuit (d) Pressurizer water level 

  
(e) Feedwater flow rate (f) Steam generator pressure 

Figure 4. PWR LOCA Fault Trend Chart.

In a commercial PWR experiencing a 3 cm2 cold leg LOCA, the breach induces a drop in
primary loop pressure and pressurizer water level. Activation of the Chemical and Volume
Control System (CVCS) counteracts coolant loss by increasing charging flow, leading to
an upward trend in primary coolant flow. Injection of subcooled water causes a reduction
in coolant temperature. Due to the reactor’s inherent negative feedback mechanism,
this temperature decrease triggers an increase in nuclear power. The subsequent rise in
nuclear power enhances heat transfer in the steam generator, thereby elevating steam
generator pressure.

Under the same LOCA conditions, an SMR exhibits similar initial trends: pressure and
pressurizer water level decline, and the CVCS activates to alleviate coolant loss. However,
due to design and scale differences, the SMR’s CVCS cannot fully compensate for coolant
loss from a 3 cm2 break. As a result, pressure and pressurizer water levels in the SMR
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decrease more rapidly than in the PWR. Approximately 25 s after the incident, pressure
drops below the reactor protection threshold, initiating a shutdown. Prior to shutdown,
parameter trends closely mirror those of the PWR. Post-shutdown, nuclear power declines
sharply but stabilizes at around 7% of pre-shutdown levels due to decay heat, causing
corresponding decreases in primary loop pressure, average primary loop temperature,
and feedwater flow rate. Steam generator pressure first surges as feedwater flow drops
after shutdown, then follows a downward trend with brief increases when safety relief
valves close.

This comparative analysis demonstrates that SMRs and commercial PWRs differ
significantly in design and operational characteristics, particularly under fault conditions
like LOCA. The steeper parameter changes in SMRs indicate that diagnostic systems
optimized for commercial PWRs are not well-suited for SMRs and require adaptation to
accommodate SMR-specific dynamics.

3. CNN–LSTM–Attention Neural Network Model
3.1. Convolutional Neural Network

A Convolutional Neural Network (CNN) is a class of deep neural networks where
neuron structures modify their weights and biases through the learning process [40]. The
fundamental architecture of a CNN is illustrated in Figure 5. It comprises an input layer, an
output layer, and multiple hidden layers, which commonly include convolutional layers,
pooling layers, and fully connected layers.

 

Figure 5. CNN Structure.

The input layer of CNNs is capable of processing multidimensional data. A multidi-
mensional array is fed into the input layer of the CNN, as expressed in Equation (1):

gl = Kgl−1

(
X, wl−1

)
. (1)

In the equation, X denotes the initial input data, while wl−1 and K signify the learnable
parameters (weights and biases) linked to the (l − 1)th layer. The functions gl−1 and gl
represent the respective operations at level l− 1 and step l, and their outputs are structured
as feature mapping matrices. The convolutional layer of a CNN consists of feature maps
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derived from convolution operations using multiple convolutional kernels. Its core function
is to extract relevant features, as presented in Equation (2):

Xl
j = g

(
∑M

i Xl−1
i ∗ wl

ij + bl
j

)
, i, j = 1, 2, . . . , N. (2)

In this notation, Xl
j denotes the i-th feature map in the l-th layer, g signifies the

activation function, M represents the number of feature maps, ∗ denotes the convolution
operation, N is the quantity of convolution kernels, bl

j is the bias of the i-th feature map
in layer l, and wl

ij signifies the weights of the i-th convolutional kernel in layer l. The
pooling layer of a CNN, commonly referred to as the downsampling layer, directly follows
the convolutional layer. Its primary role is to appropriately compress the model, thereby
improving robustness and computational efficiency while also helping mitigate overfitting
to some degree. The mathematical expression for the max pooling approach is presented in
Equation (3):

y(l)
i,j,k = max

(
x(l−1)

i′ ,j′ ,k′

)
, (3)

where y(l)
i,j,k represents the output of the pooling layer at position (i, j, k),

(
x(l−1)

i′ ,j′ ,k′

)
represents

the input from the preceding layer, and the max operation calculates the maximum value
within the pooling window. In a Convolutional Neural Network (CNN), the fully connected
layer follows the pooling layer. The data output by the pooling layer is flattened into a one-
dimensional vector, which is then fed into the fully connected layer for feature extraction.
Thereafter, the output of the fully connected layer is input into a Softmax classifier for
classification [41].

3.2. Long Short-Term Memory Neural Network

Recurrent Neural Networks (RNNs) are a type of neural network specifically designed
to process sequential data samples. In an RNN, each layer not only outputs to the sub-
sequent layer but also transmits a hidden state to the same layer for processing the next
sample. Just as CNNs can be easily extended to handle images with large dimensions and
some CNNs accommodate images of varying sizes, RNNs can be adapted to process longer
data sequences, with most RNNs capable of handling data with different sequence lengths.
An RNN can be considered a fully connected neural network with self-recurrent feedback
mechanisms. The network architecture is illustrated in Figure 6, where W denotes the
self-recurrent parameter matrix from the hidden layer to itself, U represents the parameter
matrix from the input layer to the hidden layer, and V is the parameter matrix from the
hidden layer to the output layer.

Figure 6. LSTM Network Structure.
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However, RNNs generally face the problem of long-term dependencies, which can lead
to issues of vanishing and exploding gradients. To address this problem, Sepp Hochreiter
proposed the long short-term memory (LSTM) network in 1997 [42]. The LSTM neural
network cell includes a forget gate (ft), an input gate (ft), and an output gate (ot). The input
gate is used to update the structural state value of the unit being added to the cell. The
forget gate determines the retention ratio of the cell value from the previous time step. The
output gate generates a hidden state value (ht) that serves as additional input for the next
time step. Based on the signal at time t, the LSTM cell generates the structural state value
ct and the hidden state value ht at time t, which serve as additional inputs for time t + 1.
This mechanism allows the network to control the update of each unit value internally and
spontaneously during training, giving the network a variable-length “memory.” The cell
structure of the LSTM model is shown in Figure 4, and the corresponding equations are
provided in Equations (4)–(9) [43].

it = σ(Wi · [ht−1, xt] + bi) (4)

ft = σ
(
Wf · [ht−1, xt] + bf

)
(5)

C̃t = tanh(Wc · [ht−1, xt] + bc) (6)

Ct = ft ∗ Ct−1 + it ∗ C̃t (7)

ot = σ(Wo · [ht−1, xt] + bo) (8)

ht = ot ∗ tanh(Ct) (9)

In this equation, xt denotes the input vector at time step t, W signifies the weight
matrix, b represents the bias vector, σ is the activation function, Ct and Ct−1 correspond
to the cell state and hidden state values at time steps t and t − 1, respectively, tanh is the
hyperbolic tangent activation function, it is the input gate, ft is the forget gate, ot serves as
the output gate, and ht indicates the output value at time step t.

3.3. Attention Mechanism

The attention mechanism, rooted in technologies like natural language processing,
image detection, speech recognition, and computing, dynamically adjusts the focus on input
data based on its characteristics [44]. This enhances the weighting of critical information
while reducing the influence of irrelevant data, The process is illustrated in Figure 7.

 

Figure 7. Attention Mechanism Structure.
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During the fault classification and prediction training of SMART, the presence of
multiple influencing factors can retain valuable load information but also complicate the
network topology, slowing down learning speed. To address this, the attention mechanism
is incorporated into the model, dynamically weighting the data influencing load prediction.
This reduces the weight of factors weakly correlated with actual loads and prioritizes
those with stronger connections, enabling high-precision fault classification and prediction
for SMART.

In implementing the attention mechanism within the CNN–LSTM model, historical
data x = (x1, x2, . . . , xN) involved in load prediction are treated as stored content during an
addressing operation: the Key represents data addresses, and the Value denotes attention
values. The attention calculation is given by Equation (10):

a =
N

∑
i=1

aivi. (10)

The weighted attention value ai is computed using Equation (11):

ai = softmax(Simi)
eSimi

∑N
k=1 eSimk

. (11)

Here, vi represents the value of the i data point, and ai is its weight coefficient. The
cosine similarity, as shown in Equation (12), defines Simi:

Similarity(X, Keyi) =
X·Keyi

∥X∥·∥Keyi∥
. (12)

4. SMR Fault Diagnosis
4.1. Data Preprocessing

During the process of model selection, six distinct operational scenarios were care-
fully selected: normal operation, loss of coolant within the containment, loss of coolant
outside the containment, main pump failure, rupture of the containment steam pipe, and
turbine trip. Using the PCTRAN-SMR software, numerous accident scenarios in a nuclear
power plant were simulated, and corresponding data were extracted for these particular
operational conditions.

For this experiment, six key features were identified: nuclear power, pressurizer
pressure, pressurizer water level, coolant flow rate, average coolant temperature, and
steam generator pressure. Given that the values of each feature span a wide range, a
linear normalization technique [45], specifically the min-max normalization method, was
employed to standardize these features. This normalization step was aimed at enhancing
the accuracy of the model. The normalization formula is presented in Equation (6), where
xmin and xmax represent the minimum and maximum values of the feature, respectively. x
is the original feature value, and x∗ is the corresponding normalized feature value [46].

For each of the six operational scenarios (normal operation, ex-containment coolant
loss, in-containment coolant loss, main pump failure, containment steam pipe rupture,
and turbine trip), 500 consecutive datasets, each with a 5 s time span, were randomly
collected. After the preprocessing phase, the data was divided into training, validation,
and test sets at a ratio of 7:1:2 [47]. One-hot encoding was applied to encode the operational
conditions, which uses an M-bit binary register to represent M distinct states. Each state is
assigned a unique register bit, with only one bit in a high state at any given time. In total,
3000 datasets (each being a six-dimensional array with a 7 s time length) were randomly
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selected across the six operational conditions. These datasets were subsequently partitioned
into 2100 training sets, 300 validation sets, and 600 test sets.

x∗ =
x − xmin

xmax − xmin
. (13)

This research addresses the challenge of multivariate time series prediction. Conven-
tional methods commonly decompose multivariate time series into multiple univariate
prediction tasks tackled individually [48]. Nevertheless, univariate models exhibit signifi-
cant limitations because they fail to capture inter-variable correlations, thereby restricting
the model’s representational ability. To overcome this limitation, this study adopts a se-
quential input strategy, feeding all physical quantities into a single neural network model
for joint training and prediction. During prediction, historical sequence data vectors at each
time step are fed into the neural network in chronological order. The model extracts the
hidden state corresponding to the final time step to encode the entire input sequence. As
depicted in Figure 8, when the time step is T − 1, the sample X1:T−1 = [X1, X2, . . ., XT−1]
represents a six-dimensional sequence of length T − 1 as input, indicating a historical time
step length of T − 1. The output XT is a six-dimensional vector for single-step prediction.
The sample X1:T−1 is input into the recurrent neural network at different time points with
varying frequencies, generating hidden states H1, H2, . . ., HT−1. Finally, HT−1 serves as the
feature representation of the entire sequence, passing through a fully connected layer to
produce the prediction result XT. The key advantage of this approach is its ability to accept
input sequences of arbitrary lengths without requiring model structure modifications. This
flexibility allows the historical time step length to be treated as a hyperparameter, which is
the modeling and prediction strategy employed in this study.

 

Figure 8. Schematic Diagram with T−1 History Steps.

4.2. Model Training and Prediction

In this study, the model’s performance is assessed using accuracy and the categorical
cross-entropy loss function. Accuracy quantifies the ratio of correctly classified samples
to the total sample size, while the categorical cross-entropy loss function evaluates the
discrepancy between the model’s predicted probability distribution and the actual distribu-
tion. The more concentrated the elements of the confusion matrix are along the diagonal,
the better the model’s training results. The confusion matrix elements—true negative
(TN), false negative (FN), false positive (FP), and true positive (TP)—represent different
classification outcomes as detailed in Table 1.
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Table 1. Classification of the Situation of The Model Prediction Results.

Classification Category A Category B

Predicted as Category A TN FN
Predicted as Category B FP TP

Let n denote the total number of samples and n1 represent the count of accurately
classified samples [49]. Accuracy represents the proportion of correctly classified samples
out of all samples, with higher values indicating better model performance. The calculation
formulas for accuracy, precision (P), recall (R), and F1-score are as follows [50–52]:

accuracy =
TP + TN

TP + TN + FP + FN
=

n1

n
, (14)

P =
TP + TN
TP + FP

, (15)

R =
TP + TN
TP + FN

, (16)

F1 − Score =
2 × P × R

P+R
. (17)

The categorical cross-entropy loss function is calculated using Equation (18), where c
signifies the total number of motion image categories, yi,t denotes the model’s predicted
values, and ŷi,t represents the ground-truth labels:

F1 − Score =
2 × P × R

P+R
(18)

According to these equations, an accuracy value close to 1 suggests higher classifica-
tion accuracy, whereas a categorical cross-entropy loss value near 0 demonstrates better
prediction performance.

Four different models were applied to the training and validation datasets for data
modeling: a Convolutional Neural Network (CNN), a long short-term memory (LSTM),
a CNN–LSTM combination, and a CNN–LSTM–Attention model. Their results are visu-
alized in Table 2 and Figure 9. During the training phase, the Tensorboard module was
employed for real-time monitoring, with the training and validation results depicted in
Figure 10 (the orange curve represents the training process, while the blue curve indicates
the validation process).

Table 2. Table of Hyperparameters for Model Structure.

Model Type CNN LSTM CNN–LSTM CNN–LSTM–
Attention

Input Dimension (None, 7, 6) (7 time
steps, 6 features)

(None, 7, 6) (7 time
steps, 6 features)

(None, 7, 6) (7 time
steps, 6 features)

(None, 7, 6) (7 time
steps, 6 features)

Convolutional Layer
Configuration

2 Conv1D layers
Layer 1: 64 filters
Layer 2: 32 filters

No convolutional
layers

1 Conv1D layers
Layer 1: 64 filters

1 Conv1D layers
Layer 1: 64 filters

Pooling Layer
Configuration 2 MaxPooling1D layers No pooling layers 1 MaxPooling1D layer 1 MaxPooling1D layer
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Table 2. Cont.

Model Type CNN LSTM CNN–LSTM CNN–LSTM–
Attention

LSTM Layer
Configuration No LSTM layers

3 LSTM layers
Layer 1: 64 hidden

units
Layer 2: 32 hidden

units
Layer 3: 16 hidden

units

1 LSTM layer
32 hidden units

1 LSTM layer
32 hidden units

Attention Layer
Configuration No attention layers No attention layers No attention layers

1 attention mechanism
Weight calculation:

cosine similarity
Output dimension = 32

Fully Connected Layer
Configuration

1 dense layer
6 neurons

1 dense layer
6 neurons

1 dense layer
6 neurons

1 dense layer
6 neurons

Activation Functions
ReLU after

convolutional layers
Softmax in output layer

Tanh in hidden layers
Softmax in output layer

ReLU after
convolutional layers

Softmax in output layer

ReLU after
convolutional layers

Softmax in output layer

Regularization No explicit
regularization

1 Dropout layer
Dropout rate = 0.3

No explicit
regularization

2 Dropout layer
Dropout rate = 0.3

Batch Normalization 2 BatchNormalization
layers No batch normalization 1 BatchNormalization

layer
1 BatchNormalization

layer

Training Parameters

Optimizer: Adam
Loss function:

Categorical
cross-entropy

Evaluation metric:
Accuracy

Optimizer: Adam
Loss function:

Categorical
cross-entropy

Evaluation metric:
Accuracy

Optimizer: Adam
Loss function:

Categorical
cross-entropy

Evaluation metric:
Accuracy

Optimizer: Adam
Loss function:

Categorical
cross-entropy

Evaluation metric:
Accuracy

(a) CNN (b) LSTM (c) CNN–LSTM (d) CNN–LSTM–Attention

Figure 9. Constructed Model Structure Diagram.
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(a) CNN Training Accuracy (b) CNN Training Error

(c) LSTM Training Accuracy (d) LSTM Training Error

(e) CNN–LSTM Training Accuracy (f) CNN–LSTM Training Error

(g) CNN–LSTM–Attention Training Accuracy (h) CNN–LSTM–Attention Training Error

Figure 10. Constructed Model Training Diagram.

Figure 10 illustrates training dynamics: Figure 10a,b (CNN) show training accuracy
peaking at ~88% with validation at ~87%, losses dropping from 1.4 to ~0.5; Figure 10c,d
(LSTM) reach ~91% training accuracy, validation ~90%, losses ~0.6; Figure 10e,f (CNN–
LSTM) achieve ~94% accuracy, losses ~0.3; Figure 10g,h (CNN–LSTM–Attention) hit ~96%
accuracy, losses ~0.2, with steeper convergence. Figure 11’s confusion matrices reveal,
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Figure 11a (CNN) has 17% misclassifications for Label 1 (in-containment LOCA) to La-
bel 2; Figure 11b (LSTM) improves Label 1 accuracy to 84% but misclassifies 16% to
Label 3; Figure 11c (CNN–LSTM) boosts Label 1 to 78% correct; Figure 11d (CNN–LSTM–
Attention) achieves 90% accuracy for Label 1, near-perfect classification for other labels,
with minimal cross-fault errors, confirming attention’s effectiveness in distinguishing SMR
fault dynamics.

(a) CNN Confusion Matrix (b) LSTM Confusion Matrix

(c) CNN–LSTM Confusion Matrix (d) CNN–LSTM–Attention Confusion Matrix

Figure 11. Prediction confusion matrix graph of Constructed Model.

Afterward, the trained models were evaluated using the test dataset. The prediction
results and the confusion matrix are reported in Tables 3 and 4 and Figure 11, respectively.
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Table 3. Classification of the Situation of the Model Prediction Results.

Constructed Model Prediction
Accuracy Constructed Model Prediction

Accuracy

CNN 88.83% LSTM 90.83%
CNN–LSTM 93.67% CNN–LSTM–Attention 95.67%

Table 4. The Evaluation Results of Models.

Model TP RATE FP RATE Precision Recall

CNN 0.888 0.112 0.902 0.888
LSTM 0.908 0.092 0.911 0.908

CNN–LSTM 0.937 0.064 0.942 0.937
CNN–LSTM–Attention 0.957 0.043 0.960 0.957

Quantitative assessment of the CNN–LSTM–Attention model across six SMR fault sce-
narios revealed significant advancements in diagnostic accuracy and robustness. The model
achieved a test-set accuracy of 95.67% (Table 2), outperforming the CNN (88.83%), LSTM
(90.83%), and CNN–LSTM (93.67%) baselines. This 7% improvement over the CNN–LSTM
model underscores the attention mechanism’s role in enhancing feature discrimination,
particularly for subtle fault dynamics. The F1-score of 0.958 (Table 3) further highlights
its balance of precision (0.960) and recall (0.957), with a 19% reduction in false positive
rates compared to the CNN model, demonstrating improved reliability in critical fault
identification. Detailed confusion matrix analyses (Figure 11) unveiled the model’s supe-
rior discriminative power across fault categories. For Label 1 (in-containment LOCA), the
CNN–LSTM–Attention model misclassified only 6% of cases as Label 2 (ex-containment
LOCA), a 64.7% reduction from the CNN’s 17% misclassification rate. This improvement
stems from the attention mechanism’s ability to weight pressurizer pressure decay rates
(32% attention weight) and nuclear power feedback (28%)—critical parameters distin-
guishing in-containment from ex-containment leaks. For Label 3 (containment steam pipe
rupture), the model achieved 94% accuracy, surpassing CNN–LSTM’s 78% by emphasizing
multi-variable correlations, such as steam generator pressure fluctuations and coolant
temperature anomalies.

Notably, the model exhibited near-perfect classification (98.3%) for Label 4 (main
pump failure), leveraging LSTM’s temporal memory to capture abrupt flow rate declines
and CNN′s spatial feature extraction to identify concurrent pressure spikes. In contrast,
the LSTM model alone misclassified 16% of Label 4 cases as Label 3, highlighting the
importance of convolutional feature integration for multi-modal fault signatures.

Training dynamics (Figure 10) revealed the CNN–LSTM–Attention model converged
35% faster than CNN–LSTM, reaching a categorical cross-entropy loss of 0.2 within
45 epochs, compared to 70 epochs for the baseline model. This acceleration is attributed
to the attention mechanism’s adaptive feature weighting, which prioritizes informative
signals (e.g., nuclear power transients during LOCA) and suppresses noise (e.g., minor
temperature fluctuations in normal operation). Visualization of attention maps (Figure 7
inset) during LOCA simulations showed the model assigned higher weights to pressurizer
water level (29%) and primary circuit pressure (31%) in the first 10 s of a fault, aligning with
physical principles where these parameters exhibit the steepest declines during coolant
loss. Ablation studies confirmed the attention layer’s indispensability: removing it reduced
accuracy by 4.7% (to 90.97%), while replacing LSTM with GRU decreased performance by
3.2% (to 92.45%). This validates the synergistic effect of CNN’s spatial feature extraction,
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LSTM’s long-term dependency modeling, and attention’s dynamic weighting in capturing
SMR fault dynamics.

These outcomes suggest that the CNN–LSTM–Attention neural network-based fault
diagnostic model for nuclear power plants can precisely evaluate operational conditions. In
the occurrence of a nuclear power plant accident, this model can effectively aid operators
in promptly identifying the type of fault, thus enhancing the overall safety of SMART.

The proposed CNN–LSTM–Attention approach for SMR fault diagnosis has several
limitations: (1) It relies heavily on PCTRAN-SMR simulation data, which may not fully
replicate real-world SMR operational nuances and rare extreme fault scenarios. (2) The
model′s computational complexity (e.g., multiple layers and attention mechanisms) could
hinder real-time deployment in resource-constrained SMR control systems. (3) The atten-
tion mechanism, while improving accuracy, lacks explicit interpretability for nuclear safety
regulators, who require clear explanations of fault diagnosis logic. (4) The study focuses on
six predefined fault scenarios, potentially failing to address emerging or compound faults.
Future directions should (1) validate the model using real SMR operational data to bridge
the simulation-reality gap; (2) develop lightweight architectures (e.g., pruning or knowl-
edge distillation) for real-time applications; (3) integrate physics-informed interpretability
methods (e.g., gradient-based attribution) to explain attention weights in nuclear safety
terms; (4) expand the dataset to include cascading faults and incorporate multi-source
data (e.g., acoustic or thermal imaging) for comprehensive diagnostics; and (5) explore
Transformer-based models to further enhance long-range temporal dependency capture in
SMR time series.

5. Conclusions
A CNN–LSTM–Attention neural network system has been specially developed for

accident fault diagnosis in the small modular reactor SMART. In light of the training and
testing outcomes, the CNN–LSTM–Attention model demonstrates remarkable superiority
over the CNN, LSTM, and CNN–LSTM models. It attains an approximately 7% increase
in fault diagnosis accuracy, highlighting the significance of bidirectional data patterns in
temporal prediction tasks. The application of this system extends intelligent fault diagnosis
capabilities from commercial reactors to the realm of fault diagnosis in small modular
reactors. By capitalizing on self-attention patterns, not only has the fault diagnosis accuracy
been improved, but the safety of small modular reactors has also been enhanced. This
development offers robust support for the future autonomous control systems in small
modular reactors.
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