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Abstract

Three-dimensional prediction of neutron flux is crucial for the design, opti-
mization, and safety analysis of reactor cores; however, due to the compact
space of micro-scale lead-cooled fast reactors and the difficulty in detector
placement, existing methods have mostly focused on the two-dimensional level,
with less attention paid to three-dimensional flux prediction. This paper pro-
poses a three-dimensional convolutional neural network model that integrates
Residual Network (ResNet) and Multi-head Self-Attention mechanism (MSA),
termed Genetic Algorithm-Enhanced 3D CNN with Multi-Head Self-Attention
and Residual Connections (ARGA-3D CNN). This model can effectively cap-
ture the spatial distribution characteristics of core neutron flux and address
spatial dependency issues. ResNet is employed to mitigate gradient vanishing
and explosion, thereby enhancing training stability, while MSA is utilized to
strengthen the identification of key regions. Furthermore, a genetic algorithm
is adopted to optimize hyperparameters, further improving the prediction ac-
curacy of core neutron flux. Experiments construct a dataset based on calcu-
lation results from the Monte Carlo particle transport simulation software Su-
perMC, and use this dataset to train and optimize the ARGA-3D CNN model
for prediction. Results show that, compared with SuperMC calculation results,
the model achieves Mean Absolute Error (MAE), Mean Squared Error (MSE),
and coefficient of determination (R?) metrics of 3.19$x10 —6,2.14x$10-11, and
0.9735, respectively. Computational efficiency is significantly improved, with a
single prediction taking only seconds. Compared with traditional network mod-
els such as Convolutional Neural Network (CNN), Artificial Neural Network
(ANN), and Long Short-Term Memory (LSTM), the prediction performance is
superior. The ARGA-3D CNN model demonstrates high accuracy and compu-
tational efficiency in three-dimensional neutron flux prediction, providing a new
method for rapid prediction of nuclear reactor core parameters, which holds
certain practical value and significance.
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Abstract

[Background] Three-dimensional prediction of neutron flux is crucial for reac-
tor core design, optimization, and safety analysis. However, due to the compact
spatial configuration of small lead-cooled fast reactors and the difficulty in de-
tector placement, existing methods primarily focus on two-dimensional analysis,
with limited attention to three-dimensional flux prediction. [Purpose] This
paper proposes a Genetic Algorithm-Enhanced 3D CNN with Multi-Head Self-
Attention and Residual Connections (ARGA-3D CNN) model that integrates
Residual Networks (ResNet) and Multi-Head Self-Attention (MSA) mechanisms.
This model effectively captures the spatial distribution characteristics of neu-
tron flux in reactor cores and addresses spatial dependency issues. [Meth-
ods] The ARGA-3D CNN model employs 3D convolutional neural networks
to capture spatial distributions of neutron flux in the reactor core. ResNet
alleviates vanishing and exploding gradient problems, enhancing training sta-
bility, while MSA strengthens identification of critical regions. Additionally, a
genetic algorithm optimizes hyperparameters to further improve prediction ac-
curacy. The model is trained and optimized using a dataset constructed from
Monte Carlo particle transport simulation results obtained with SuperMC soft-
ware. [Results] Compared with SuperMC calculations, the model achieves
Mean Absolute Error (MAE), Mean Squared Error (MSE), and R? values of
3.19$x 1016} 2.14x100.1118  and 0.9735, respectively. Computational efficiency
is significantly improved, with single predictions requiring only seconds. Com-
pared to traditional models such as Convolutional Neural Networks (CNN), Arti-
ficial Neural Networks (ANN), and Long Short-Term Memory (LSTM) networks,
the proposed method demonstrates superior prediction performance. Conclu-
sions The ARGA-3D CNN model provides a high-precision, computationally
efficient method for three-dimensional neutron flux prediction in reactor cores.
It offers a novel approach for rapid prediction of nuclear reactor core parameters
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with significant practical value and implications for reactor design, operation,
and safety analysis.

Keywords: Lead-cooled fast reactor, Neutron flux, 3D convolutional neural
network, Multi-head self-attention, Residual network, Genetic algorithm

Introduction

Lead-cooled fast reactors have attracted considerable attention in recent years as
an advanced reactor type with unique advantages in nuclear energy technology
development. These reactors exhibit excellent neutron physics characteristics,
high fuel utilization efficiency, and favorable safety performance, demonstrating
broad application prospects in the nuclear energy field. However, in core design,
operational optimization, and safety analysis, precise prediction of core neutron
flux distribution is particularly critical as it serves as an essential parameter for
evaluating core performance. As the primary energy carrier in nuclear reactions,
neutron flux distribution directly affects reactor power output and fuel burnup,
and is closely related to key factors such as reactivity control, thermal-hydraulic
characteristics, and irradiation behavior.

Traditional neutron flux prediction methods, such as numerical calculations
based on deterministic transport theory and empirical models, can provide ef-
fective results to a certain extent but often suffer from high computational
costs, slow calculation speeds, and insufficient adaptability to complex operat-
ing conditions when facing intricate core structures and multi-physics coupling
problems. In recent years, artificial intelligence technologies, particularly deep
learning algorithms, have been widely applied to nuclear reactor physics pa-
rameter prediction due to their advantages in processing large-scale data and
efficient computation.

For instance, Wang et al. proposed a core parameter prediction method based
on adaptive backpropagation neural networks (BPNN) that effectively improved
prediction accuracy while reducing computational resource consumption. Palmi
et al. developed a method based on artificial neural networks (ANN) for predict-
ing core loading reactivity and fuel cycle length, accurately forecasting reactivity
changes and fuel cycle duration under different core loading configurations. Ad-
ditionally, Bei et al. developed a three-dimensional surrogate model based on
BPNN that significantly improved computational efficiency, particularly demon-
strating advantages in neutron flux prediction for molten salt reactors. Chen et
al. further enhanced prediction accuracy for neutron flux and keff by optimizing
the Extreme Learning Machine (ELM) model combined with whale optimization
algorithms, achieving remarkable improvements in training efficiency.

Despite these significant advances in reactor neutron flux and key parameter pre-
diction, existing methods often face challenges in balancing computational accu-
racy and efficiency when dealing with spatially compact and structurally com-
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plex cores, particularly in handling three-dimensional neutron flux distributions.
To improve prediction accuracy for three-dimensional core neutron flux distribu-
tion and address limitations of existing methods when processing complex spa-
tial structures and nonlinear relationships, this paper proposes an ARGA-3D
CNN model that combines residual networks and self-attention mechanisms with
three-dimensional convolutional neural networks. This model effectively avoids
gradient vanishing problems through residual structures while utilizing self-
attention mechanisms to automatically identify and focus on key features in in-
put data, thereby enhancing prediction accuracy for three-dimensional core neu-
tron flux distribution. Genetic algorithm optimization of network hyperparam-
eters significantly improves model performance. Experimental results demon-
strate that the ARGA-3D CNN model can efficiently process three-dimensional
complex data, showing remarkable advantages particularly in three-dimensional
neutron flux prediction.

1.1 Three-Dimensional Convolution Module

Three-Dimensional Convolutional Neural Networks (3D CNN) represent an ex-
tension of Convolutional Neural Networks (CNN) for three-dimensional data
processing. By introducing three-dimensional convolution kernels, 3D CNN can
simultaneously extract spatial and temporal features, overcoming the limitation
of 2D CNN that can only capture two-dimensional spatial characteristics. As
shown in Figure 1: see original paper, when 2D CNN is applied to a single
image, it slides only in spatial dimensions, producing a two-dimensional out-
put. In contrast, Figure 1: see original paper shows that 3D CNN slides in
both spatial and temporal dimensions, preserving temporal information in a
three-dimensional volume output. This 3D convolution operation is particu-
larly suitable for tasks such as video analysis, action recognition, and medical
image processing, demonstrating significant advantages over 2D convolution.

In three-dimensional convolution, the depth of the convolution kernel is typically
smaller than the depth of the input data (i.e., kernel size smaller than channel
size), as shown in [Figure 2: see original paper], allowing the filter to slide in
three directions: height, width, and channels. Each time the convolution kernel
moves to a new position, element-wise multiplication and addition operations
are performed to produce an output value. Since the filter slides throughout the
three-dimensional space, the output data is also arranged in a three-dimensional
structure. The three-dimensional convolution formula is as follows:

V()= >3"j

where Y, (i) represents the output feature map value at time step ¢, position i
(where height, width, and depth dimensions are considered). The input data
at time step ¢ — d+ and position (d,m,n) is convolved with weights, and b
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represents the bias term. The convolution kernel size is D), x k x k (temporal
depth, height, width).

1.2 Multi-Head Self-Attention Module

Multi-Head Self-Attention (MSA) enhances model capability in processing dif-
ferent information by computing multiple attention heads in parallel. Each
attention head calculates its own attention scores through linear transforma-
tions of input queries (Q), keys (K), and values (V), then performs weighted
summation of the results to capture different subspace features of the input.
Multiple attention heads working in parallel enable the model to focus on infor-
mation across different subspaces simultaneously, thereby improving expressive
capability and the ability to capture long-range dependencies. [Figure 3: see
original paper] illustrates the implementation process of the multi-head atten-
tion mechanism: each head extracts features from input Q, K, and V through
linear transformations, then concatenates (Concat) the outputs from each head,
and finally obtains the output through a linear transformation.

The specific calculation process is as follows: For each attention head, attention
scores are first computed:

Attention(K,V, Q) = Softmax(score(Q, K,V))

where score(Q, K) is typically calculated through dot product. Then, outputs
from multiple heads are combined through concatenation and finally trans-
formed linearly to obtain the result:

MultiHeadSelfAttention(K, V', Q) = Concat(head,, heads, ..., head,;, )W,

where W, is the final weight matrix. This mechanism enables the model to cap-
ture multi-level feature information across different subspaces simultaneously,
thereby enhancing overall representation capability and generalization perfor-
mance.

1.3 Residual Connection Module

Residual connections represent an effective technique for addressing gradient
vanishing problems in deep network training. By directly passing input data
to deeper layers, they prevent gradient attenuation during backpropagation,
thereby accelerating gradient propagation. The core of ResNet, proposed by
He et al. in 2015, is the introduction of residual connections. [Figure 4: see
original paper| depicts two module structures in neural networks: a normal
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block is the basic building unit in neural networks, typically consisting of weight
layers and activation functions, where input = undergoes linear transformation
and nonlinear activation to output f(z). A residual connection block is a key
component of ResNet that addresses degradation problems in deep networks
through residual learning. The residual connection block includes weight layers,
activation functions, and residual connections. Input z first undergoes linear
transformation through weight layers, then passes through activation functions
to obtain f(x). Subsequently, f(z) is added to the original input x to obtain
the final output. This structure can be expressed as y = f(x)+x, where y is the
output, f(x) is the result processed by weight layers and activation functions,
and z is the input.

1.4 AR-3D CNN Model

The innovation of the AR-3D CNN model lies in its combination of residual
networks, multi-head self-attention mechanisms, and three-dimensional convo-
lutional neural networks to address the complex requirements of core neutron
flux distribution prediction tasks. This integration enhances prediction accu-
racy, computational efficiency, and robustness while improving the capability
to process three-dimensional spatial data. The overall model flow is shown in
[Figure 5: see original paper]. The model comprises the following main steps:
(1) In the input layer, 3D CNN extracts three-dimensional spatial features from
core neutron flux data, combined with Batch Normalization (BatchNorm) and
ReLU activation functions to enhance nonlinear expressive capability; (2) Mul-
tiple residual 3D convolution blocks (Residual 3DConvBlock) extract deep fea-
tures, avoiding gradient problems and learning complex spatial dependencies;
(3) The multi-head attention layer (Multi-Head Attention Layer) dynamically
focuses on key regions, enhancing feature learning and noise robustness; (4)
Fully connected layers (Fully Connected Layer) further integrate features to
complete nonlinear mapping and final prediction; (5) Average pooling layers
(Average Pooling Layer) aggregate feature maps to optimize output results.

1.5 ARGA-3D CNN Model

This paper combines deep learning with genetic algorithm optimization methods,
employing a hyperparameter optimization strategy based on validation set loss
minimization. In this approach, the deep learning model first extracts features
from input data and performs multi-task prediction modeling. The network
architecture includes 3D convolutional layers, residual connection layers, and
multi-head attention mechanisms to capture spatiotemporal features and global
dependencies. Subsequently, the genetic algorithm defines the negative value of
the loss function (Huber loss) on the validation set as the fitness function:
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Fitness = —Huber (¥, e, ypred)

where N represents the number of validation set samples, y,,.q(i) denotes the
predicted value for the i-th sample, and y,,,.(¢) denotes the true value for the
i-th sample. The Huber loss function combines the advantages of Mean Squared
Error (MSE) and Mean Absolute Error (MAE), improving robustness to outliers
while ensuring smoothness, thereby optimizing model stability and convergence.

The ARGA-3D CNN model extracts three-dimensional features through 3D
CNN and utilizes genetic algorithms to optimize model parameters, improv-
ing prediction accuracy and generalization capability. The overall model flow is
shown in [Figure 6: see original paper], involving key steps such as data prepro-
cessing, model initialization, model optimization, and genetic algorithm search
for optimal parameters, enabling the model to achieve superior performance in
complex three-dimensional data scenarios.

2.1 Core Model

This experiment employs the Monte Carlo particle transport simulation software
SuperMC to construct a lead-cooled fast reactor model. The number and mate-
rials of core components are summarized in . As shown in [Figure 7: see original
paper], the core components adopt the hexagonal prism shape commonly used
in fast reactors, with the core divided into three regions from inner to outer:
active zone, reflector zone, and shielding zone. The active zone consists of 101
assemblies, including 92 fuel assemblies (primarily 19.75% enriched UO,) and 9
control rod assemblies. The reflector zone comprises 98 assemblies using lead-
bismuth eutectic material, while the shielding zone contains 54 assemblies made
of boron carbide. Additionally, there are 4 safety rods, 3 control rods, and 2
compensation rods made of 90%'°B boron carbide, boron carbide, and 90%'°B
boron carbide, respectively.

SuperMC is a large-scale nuclear neutronics design and radiation safety evalu-
ation software system independently developed by the Institute of Nuclear En-
ergy Safety Technology (INEST), Hefei Institutes of Physical Science, Chinese
Academy of Sciences. Based on the Monte Carlo method, this software can per-
form accurate neutron transport calculations for complex nuclear systems and
is widely applied in nuclear reactor design, radiation safety analysis, and vari-
ous aspects of nuclear engineering. SuperMC can handle reactor models with
complex geometries and effectively simulate multi-material interfaces, providing
high-precision neutron flux calculations. Its main functions cover comprehen-
sive neutron safety analysis throughout the entire process, including radiation
transport, fuel depletion, radiation activation, and dose assessment. [Figure 8:
see original paper] shows the overall core structure of the lead-cooled fast reactor
constructed using SuperMC.
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2.2 Experimental Dataset and Evaluation Metrics

The dataset was obtained through core simulation programs that calculate core
neutron flux density under steady-state conditions. Input data includes po-
sitions of three control rods, positions of two compensation rods, and 30,000
spatial coordinate information entries, which collectively describe the physical
state of the core and its influence on neutron flux distribution. Output data
consists of 30,000 neutron flux values corresponding to the spatial coordinates,
reflecting neutron flux intensity at various core positions under different operat-
ing conditions. The data is shown in . To ensure stability and efficiency of model
training, all input and output data were normalized. Through this dataset, the
model learns the complex nonlinear relationship between input parameters and
neutron flux distribution, thereby achieving accurate prediction of core neutron
flux.

This experiment employs four widely used metrics to evaluate model accuracy
and performance: MAE, MSE, Mean Absolute Percentage Error (MAPE), and
coefficient of determination (R?). These metrics reflect the model’ s fitting
effectiveness and are calculated as follows:

1 n
MAE = — —
- E 1Y; — Uil

=1

n

1
MSE = — )2
S nE(yz ¥i)

i=1

Yi —Y;

%
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where g, is the true value, g, is the predicted value, n is the sample size, and y
is the mean of true values. The R? value ranges from 0 to 1, with values closer
to 1 indicating better model fit.

2.3 Hyperparameter Optimization

This experiment employs genetic algorithms to adjust neural network hy-
perparameters. Genetic algorithms can perform global optimization in
high-dimensional search spaces to gradually find optimal hyperparameter
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combinations. Given the relatively complex structure and large data volume
of this experiment’ s dataset, a hybrid strategy is adopted: the learning rate
is treated as a continuous hyperparameter searched on a logarithmic scale,
while other hyperparameters (such as batch size, number of attention heads,
and number of fully connected layer nodes) use discrete selection strategies.
This hybrid approach balances computational efficiency and search precision,
allowing both fine-tuning of the learning rate and optimal selection from finite
sets of discrete hyperparameters.

After multiple iterations and optimization through the genetic algorithm, a fi-
nal hyperparameter configuration was determined, as shown in . The specific
hyperparameters are: learning rate 1.17$x107{-4}$, batch size 16, number of
attention heads 4, and number of fully connected layer nodes 1024, represent-
ing the optimal solution for model performance within the current search space.
During training, both training loss and validation loss decreased significantly,
as shown in [Figure 9: see original paper|, indicating that the model gradually
converged and achieved good performance during the learning process. The loss
curves show that loss values stabilized as training progressed, validating the
effectiveness of the optimization process.

2.4 Comparative Experiments

To comprehensively evaluate the effectiveness of the proposed ARGA-3D CNN
model, comparative experiments were conducted with multiple advanced deep
learning prediction models, including traditional CNN, ANN, and Long Short-
Term Memory (LSTM) networks, which are widely used in prediction tasks. All
models were trained and tested on the lead-cooled fast reactor three-dimensional
neutron flux dataset.

The comparative experimental results are presented in . In terms of

MAE and MSE, ARGA-3D CNN achieves errors of only 3.19$x107{-6}$ and

2. 14$ % 10{—11}7 respectively, reducingerrorsbymorethanhal fcomparedtoCNN, ANN,andLST M .Thisdemonstratesthatthemethodpo
ARGA-3D CNN attains the best fit of 0.9735, significantly higher than CNN’

s 0.9118, ANN’ s 0.9134, and LSTM’ s 0.9212. This indicates that ARGA-3D

CNN’ s powerful capability in three-dimensional spatial modeling enables it to

effectively learn the nonlinear features of neutron flux and construct prediction

models that better conform to physical laws.

To further visually demonstrate the performance of different models, visual-
ization results are provided. The neutron flux distribution predicted by the
ARGA-3D CNN model was compared with the distribution calculated by the
Monte Carlo program on the test dataset. Considering the relative error be-
tween predicted and calculated values, one instance was randomly selected from
the test dataset to evaluate the surrogate model’ s performance. [Figure 10:
see original paper| shows a two-dimensional comparison of predicted versus ac-
tual neutron flux distribution, while [Figure 11: see original paper] provides
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a three-dimensional comparison. Overall, the predicted neutron flux distribu-
tion matches well with the actual distribution, with the highest neutron flux
observed in the reactor core, which is completely consistent with the expected
behavior of reactor core neutron flux.

In summary, ARGA-3D CNN significantly outperforms traditional methods
in neutron flux prediction tasks through deep three-dimensional convolutional
feature extraction, optimized training stability from residual networks, and
global information modeling from self-attention mechanisms. Compared to
CNN, ANN;, and LSTM, ARGA-3D CNN exhibits lower errors, more accurate
predictions, and greater model stability while maintaining robustness in complex
data environments, providing a new efficient and accurate prediction method
for nuclear reactor design and safety assessment with promising application
prospects.

2.5 Ablation Experiments

To deeply analyze the contribution of each module in ARGA-3D CNN to overall
performance, ablation experiments were conducted by removing the genetic algo-
rithm (AR-3D CNN), residual network (A-3D CNN), multi-head self-attention
mechanism (R-3D CNN), and global average pooling layer (AR-3D CNN(NAP)),
respectively, to verify the impact of different modules on final prediction results.
The experimental results are shown in .

The results demonstrate that each module in the proposed ARGA-3D CNN
network effectively enhances performance on three-dimensional neutron flux
prediction tasks. Introducing genetic algorithms (GA) for hyperparameter op-
timization significantly enhances global search capability, reduces the risk of
local optima from manual tuning, and further improves model accuracy and
stability. The ResNet module alleviates gradient vanishing and explosion prob-
lems through skip connections in deep structures while enhancing feature trans-
mission efficiency, making a particularly prominent contribution to network
performance. MSA accurately captures global dependencies of input data in
three-dimensional space, helping the model focus on key regions and suppress
interference, resulting in more accurate predictions. The Global Average Pooling
(GAP) layer compresses channel dimensions and reduces redundant parameters
while maintaining the integrity of main features, thereby improving network
generalization capability. When GAP is removed, the network’ s utilization
of detailed features decreases, leading to slightly degraded reconstruction per-
formance. Overall, the synergistic effect of these modules enables ARGA-3D
CNN to exhibit stronger adaptability and higher prediction accuracy for com-
plex three-dimensional neutron flux data, establishing a solid foundation for
subsequent prediction and analysis of key parameters in nuclear reactor cores.
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2.6 Timeliness Experiment

This experiment aims to evaluate the timeliness advantages of the proposed
ARGA-3D CNN model, particularly in comparison with the nuclear energy sim-
ulation software SuperMC. All timeliness experiments were conducted under
identical hardware environments to ensure comparability. The experimental
computer configuration includes: AMD Ryzen 7 5800 CPU, 32GB memory,
and NVIDIA GeForce RTX 3060 GPU. Timeliness was evaluated by comparing
the time required for both methods to predict three-dimensional neutron flux.
When using SuperMC with 12-core parallel computing, completing one full pre-
diction requires minutes. In contrast, the ARGA-3D CNN model completes
the same prediction in only 0.4011 seconds. This demonstrates that the model
possesses significant advantages in computational timeliness, especially when
handling complex prediction tasks, as it can complete calculations in extremely
short time and substantially improve processing efficiency.

Conclusions

This paper proposes a three-dimensional neutron flux prediction model based on
ARGA-3D CNN to address the complex spatial feature extraction challenges in
lead-cooled fast reactor core neutron flux distribution prediction, significantly
improving prediction accuracy and computational efficiency. The main conclu-
sions are as follows:

1) By introducing ResNet and MSA, the model effectively alleviates gradient
vanishing problems and enhances global information modeling capability,
thereby improving prediction accuracy and reducing errors common in
traditional methods. Compared to CNN, ANN, and LSTM, the ARGA-3D
CNN model demonstrates superiority across evaluation metrics including
MAE, MSE, MAPE, and R2, requiring only 0.4011 seconds to predict
50,000 data points—a substantial improvement in computational efficiency
compared to traditional calculation software.

2) Combining genetic algorithm optimization for hyperparameters further
improves model robustness and accuracy. The optimized hyperparameter
configuration enables more efficient performance in large-scale core data
prediction tasks while exhibiting stronger generalization capability.

In summary, the proposed model provides a new approach for efficient three-
dimensional neutron flux prediction, particularly showing promising application
prospects in nuclear reactor design and safety assessment. Future work will intro-
duce more diverse datasets covering different operating conditions and scenarios
to further enhance model adaptability and robustness in practical applications.
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