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Abstract
Carbon fiber/epoxy composite materials are extensively utilized in military,
aerospace, and medical sectors due to their numerous advantages, including
light weight, high toughness, and corrosion resistance. The investigation of their
thermal effects is crucial for enhancing their resilience to extreme environments.
Based on experimental data obtained from nuclear explosion simulated light ir-
radiation experiments, a fast solver based on the physical information neural
network (PINN) was developed and implemented. The Kolmogorov Arnold net-
work (KAN) was employed to analyze and predict the correlation between mul-
tiple experimental parameters and the material’s surface temperature. A heat
conduction model encompassing the entire process from irradiation to cooling
was proposed. The PINN method was utilized to analyze the material tempera-
ture changes, resulting in a fast solution model for the spatiotemporal evolution
of material temperature. An in-depth analysis was conducted on the influence
of various experimental parameters on the maximum surface temperature and
its occurrence time. By constructing a dataset of each parameter and the target
temperature, an efficient KAN prediction model was achieved, capable of estab-
lishing explicit functional relationships between input parameters and Tmax,
tmax. The KAN prediction model exhibits high interpretability. An ensemble
learning strategy was adopted to integrate the six deep learning models for pre-
diction, thereby enhancing the robustness of the prediction results. This study
presents a PINN and KAN temperature prediction model of carbon fiber/epoxy
composite materials irradiated by nuclear explosion simulated light source, of-
fering thermal protection solutions for equipment based on carbon fiber/epoxy
composite materials in nuclear explosion scenarios.
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Abstract
Carbon fiber/epoxy composite materials are extensively utilized in military,
aerospace, and medical sectors due to their numerous advantages, including
light weight, high toughness, and corrosion resistance. The investigation of their
thermal effects is crucial for enhancing their resilience to extreme environments.
Based on experimental data obtained from nuclear explosion simulated light ir-
radiation experiments, a fast solver based on the physical information neural
network (PINN) was developed and implemented. The Kolmogorov Arnold net-
work (KAN) was employed to analyze and predict the correlation between mul-
tiple experimental parameters and the material’s surface temperature. A heat
conduction model encompassing the entire process from irradiation to cooling
was proposed. The PINN method was utilized to analyze the material tempera-
ture changes, resulting in a fast solution model for the spatiotemporal evolution
of material temperature. An in-depth analysis was conducted on the influence
of various experimental parameters on the maximum surface temperature and
its occurrence time. By constructing a dataset of each parameter and the target
temperature, an efficient KAN prediction model was achieved, capable of estab-
lishing explicit functional relationships between input parameters and Tmax,
tmax. The KAN prediction model exhibits high interpretability. An ensemble
learning strategy was adopted to integrate the six deep learning models for pre-
diction, thereby enhancing the robustness of the prediction results. This study
presents a PINN and KAN temperature prediction model of carbon fiber/epoxy
composite materials irradiated by nuclear explosion simulated light source, of-
fering thermal protection solutions for equipment based on carbon fiber/epoxy
composite materials in nuclear explosion scenarios.
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Introduction
Composite materials boast high specific strength, high specific modulus, and
erosion resistance, making them widely applicable in critical fields such as mil-
itary, medical, aviation, and navigation. Consequently, they must withstand
high temperatures and drastic temperature changes induced by weapon explo-
sions and strong light radiation during operation. When subjected to strong
light radiation, the high heat generated by the radiation severely impacts the
integrity of composite material structures, causing phenomena such as ablation,
delamination, and rapid degradation of mechanical properties.

Traditional methods like the Finite Difference Method (FDM) and Finite El-
ement Method (FEM) face significant challenges when solving the complex
physical phenomenon of heat radiation equations. These challenges include
refining differential meshes, optimizing iteration step sizes, managing diverse
error sources, and ensuring computational efficiency. Therefore, the study of
temperature evolution in composite materials under strong light radiation, rapid
calculation of material surface temperature, and rapid prediction of surface char-
acteristics remains a challenging yet vital task.

Over the past few decades, researchers have extensively explored the physical
mechanisms of materials under strong light radiation, proposing various partial
differential equations (PDEs) for heat conduction to describe the temperature
evolution process of laser action on different material regions over time [1]-[8].
For instance, Qin Y et al. established an axisymmetric mathematical model for
long pulse Nd:YAG laser heating of aluminum alloy plate, utilizing the finite el-
ement method to calculate the temperature and thermal stress inside the plate
[1]. Song Guowen et al. examined the temperature evolution of heat conduction
under low radiation [2], while Chen et al. investigated the effect of laser irradi-
ation on carbon fiber reinforced resin composites under tangential airflow load
[3]. Li W et al. studied nonlinear heat transfer during the decomposition and
surface ablation processes of charcoal burning materials [4], and Askarizadeh
et al. conducted precise analysis of two-dimensional Fourier and non-Fourier
biological heat transfer equations under skin tissue exposure to instantaneous
heating conditions [5]. Su et al. utilized the finite difference method to simu-
late the transmission and storage of energy in a firefighter protective suit model
under low-intensity thermal radiation [6], and Tian Mingwei et al. developed a
heat transfer model for a microsystem comprising thermal protective clothing,
air gaps, and multiple layers of human skin, numerically solving the temper-
ature evolution using the finite element method [7]. Li X et al. explored the
volume ablation phenomenon of carbon fiber composite materials by continu-
ous high-power density laser, proposing a one-dimensional transient model to
analyze temperature evolution and material pyrolysis [8].

Despite significant advancements in the study of materials under radiation ef-
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fects using traditional methods, which have provided a clearer understanding
of the effects of different radiation parameters on material temperature evolu-
tion and thermal damage, these studies are all based on grid-based numerical
solutions, which are time-consuming and cannot be quickly reused. With the
rapid advancement of artificial intelligence technology, a series of cutting-edge
prediction and optimization algorithms have emerged, deeply penetrating key
fields such as biomedicine, intelligent technology, image recognition, automa-
tion control, and even the solution of complex physical phenomena like partial
differential equations. Innovative methods such as Physics Informed Neural
Networks (PINNs), Kolmogorov Arnold Networks (KANs), and Deep Operator
Networks (DeepONet) are leading a new trend in scientific research [13]-[22].
Cai S et al. investigated the application of PINN in various prototype heat
transfer problems, considering different thermal boundary conditions on the
heating surface, and obtained the temperature and velocity fields of the inter-
nal region under different boundary conditions [13]. Based on PINN, Lu Zhibin
et al. studied the two-dimensional steady-state thermal conductivity equation
of the internal heat source and the two-dimensional steady-state convective
heat transfer equation between flat plates, achieving a fast surrogate model to
predict the temperature field output [14]. He et al. proposed a data-driven
framework based on PINNs, which achieved heat transfer analysis and parame-
ter inversion for heat conduction problems [15]. Wang et al. introduced a Multi
Domain Physical Information Neural Network (mPINN) to solve non-uniform
heat conduction and conjugate natural convection problems with discontinuous
temperature gradients at interfaces [16]. Bowman et al. used PINN to study
the interaction between laser and biological tissue, analyzing the physical neu-
ral network with source term heat equation under different boundary conditions
[17]. Billah Md Muhtasim et al. explored a PINN to estimate unknown ther-
mophysical parameters for inverse heat transfer in planar walls of conductive
materials [18]-[20]. Li X et al. investigated a method for identifying non-uniform
thermal diffusivity using temperature data collected from transient heat conduc-
tion problems using a hybrid PINN [21]. Lu et al. provided a Python library
(DeepXDE) that contributes to the faster development of research in the field
of machine learning [22]. Recently, KAN prediction model has been introduced
to analyze the relationship between different parameters and material surface
temperature characteristics [23]. The KAN model is mainly inspired by the
Kolmogorov Arnold representation theorem, and replaces fixed activation func-
tions with learnable activation functions on the edges (“weights”), which more
effectively approximates nonlinear functions while maintaining a smaller net-
work size. KAN has interpretability advantages, visualizes the learned spline
functions, and allows researchers to gain a deeper understanding of the poten-
tial mathematical or physical laws captured by the model. KAN is particularly
attractive for scientific discoveries of new physical laws and can easily interact
with human users for predictive analysis [24-26].

In previous studies, most of them used PINN to study single-layer radiative heat
transfer models, only considering the radiation stage without considering the
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cooling stage. Therefore, research in this area is urgently needed. Here, we use
PINN to establish a fast prediction model for the temperature evolution of car-
bon fiber/epoxy composite materials irradiated by nuclear explosion simulated
light sources, and use KAN for interpretable analysis of different parameters to
predict the temperature characteristics of the material. A radiation and cooling
model for carbon fiber/epoxy composite materials irradiated by nuclear explo-
sion simulated light sources was established. Based on the surface temperature
data, a PINN fast prediction model was constructed to obtain the implicit func-
tion mapping relationship between the input spatiotemporal domain and the
output temperature. The relationship between different parameters and the
highest temperature on the back surface, as well as the corresponding time of
this temperature, was analyzed. The KAN neural network was used for training
and prediction, and the learnable activation function curve and visualization re-
lationship on the edge were obtained. This comprehensive approach not only
leverages the strengths of PINN for rapid and accurate temperature predic-
tion but also integrates the interpretability of KAN to provide deeper insights
into the underlying physical processes. By combining these advanced compu-
tational techniques with traditional methods, this study significantly advances
the understanding and application of carbon fiber/epoxy composite materials
in extreme environments, particularly in scenarios involving nuclear explosion
light radiation. The findings contribute to the development of more robust ther-
mal protection solutions, enhancing the durability and reliability of composite
materials in critical applications.

Methods
Radiation and Cooling Model of Carbon Fiber/Epoxy Composite Ma-
terial

The radiation and cooling model of carbon fiber/epoxy composite materials de-
scribes the behavior of these materials under the influence of a simulated nuclear
explosion light source. Initially, the epoxy resin undergoes thermal decomposi-
tion due to the rapid increase in temperature. As the temperature reaches the
maximum thermal decomposition temperature of the carbon fiber materials,
surface carbonization occurs, leading to further surface ablation with contin-
ued irradiation. When the irradiation ceases, the carbon fiber/epoxy composite
material cools naturally. During the early cooling phase, the front surface tem-
perature remains higher than the back surface, continuing to transfer heat to
the back surface until the back surface reaches its maximum temperature.

Fig. 1 [Figure 1: see original paper] Light radiation and cooling model of carbon
fiber/epoxy composite

In order to describe the dynamic process, a radiation and cooling model was
established here. The specific model is shown in Fig. 1, and can be given as
followed:

Where, T represents the sample temperature; k, � and c represent the thermal
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conductivity, density, and specific heat capacity of carbon fiber/epoxy com-
posite materials, respectively; 𝛾 is the front surface extinction coefficient; qred
represents the energy density of simulated light source; texp is the duration of
light radiation acts on the sample surface; 𝜏 is the outer layer transmittance;
L is the sample thickness. The boundary and initial conditions of the radia-
tion and cooling model are defined based on thermal convection and radiation
principles in heat transfer, expressed as:

Where, 𝛼 is the proportionality coefficient of heat conduction energy absorption;
Hf is the air convection coefficient; Tq and TL are the front and back surface
temperatures, respectively; � is the surface emissivity; T0 is the ambient temper-
ature; Texp is the temperature at different positions during texp; 𝛿 is the Stefan
Boltzmann constant. The air convection coefficient is primarily influenced by
wind speed, expressed as：

Where, Ma is the Mach number; v is the wind speed; Vs is the speed of sound.
Employing the finite difference method, the radiation and cooling model equa-
tions, along with their boundary and initial conditions, are numerically solved.
The model is discretized and divided into radiation and cooling processes to
obtain the temperature evolution of the sample.

PINN Based Radiation and Cooling Model

With advancements in artificial intelligence, PINNs have been introduced in
computational physics to directly solve partial differential equations. PINNs
train neural networks to solve supervised learning tasks while adhering to phys-
ical laws described by general nonlinear partial differential equations, avoiding
traditional grid differencing through a meshless method. This allows for the
storage of trained physical network parameters, facilitating quick approximate
parameter problem solving. Based on the finite difference method for the pro-
posed radiation model, PINN is utilized for specific coefficient network training,
constructing a fast PINN network solver under specific coefficients. PINN com-
prises perceptron, deep neural network, automatic differentiation, and physical
information components. The basic PINN concept involves using neural net-
works to train input spatiotemporal domains and output characteristics, obtain-
ing partial derivatives of output characteristics relative to independent variables
to construct the physical model’s loss function. Optimization algorithms then
adjust network parameters to minimize mean square error and other evaluation
indicators, satisfying the established physical model.

For the proposed radiation and cooling model, PINN analysis is conducted based
on finite difference method and experimental data, establishing a series of PINN
fast solvers to minimize the loss function. The solver includes two neural net-
works for radiation and cooling, automatic differential structures, and two opti-
mization loss function optimizers, with the specific solving structure illustrated
in Figure 2 [Figure 2: see original paper]. The inputs to the networks are lo-
cation and time, with temperature as the output. Using physical constraints,
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initial condition constraints, and boundary condition constraints of the radiation
model, the PINN loss function is defined as：

Where, T (x, t) is the temperature at position x and time t, NR and NC are
the number of internal points for radiation and cooling, Nb and Nd are the
sum of initial and boundary points for radiation and cooling. lossR and lossC
are the physical constraint residual terms for radiation and cooling, which are
used to satisfy the network information of the radiation model. lossb and lossd
are residual terms constraining the initial and boundary conditions of the two
stages, ensuring the neural network meets these conditions. Loss is the overall
loss function of the radiation model. By minimizing Loss with an optimizer, an
approximate solution to the radiation model is obtained, efficiently predicting
any position in the spatiotemporal domain through multiple matrix multiplica-
tions in the trained feedforward neural network, achieving a nonlinear mapping
between the spatiotemporal domain and the temperature field. This process
eliminates dependence on computational grids, significantly enhancing numeri-
cal analysis efficiency, with numerical solutions expressed using implicit function
relationships for more efficient analysis and simulation of carbon fiber/epoxy
composite material temperature changes.

KAN Temperature Feature Prediction Model

During the radiation and cooling experiments, the back surface temperature of
samples and its corresponding time have always been of great concern. In order
to clearly determine the back surface temperature and its corresponding time
under different parameter conditions, we conducted a large number of numerical
simulations on the modified radiation simulation model and created a dataset.
Introducing KAN for interpretable prediction of temperature characteristics cor-
responding to different parameters, where KAN uses spline parameterized uni-
variate functions instead of traditional linear weights, enabling it to dynamically
learn activation patterns and significantly improve interpretability. The specific
structure is shown in Figure 3 [Figure 3: see original paper], where the activation
function is placed on the edge rather than the node. The Kolmogorov Arnold
representation theorem states that any multivariate continuous function can be
represented as a finite combination function of continuous single variables and
binary addition operations, allowing complex functions to be decomposed into
simpler and more interpretable parts. Its theorem is expressed as：

f(x1, x2, …, x�) = Σ Σ 𝜙q,p(x�)
where 𝜙q,p is a univariate function that maps each input variable xp. 𝜙q is a
continuous function, where 𝜙q is the function matrix corresponding to the qth
KAN layer. The specific matrix expression is as follows: the function f (x) is
represented as the composite of the inner and outer function matrices applied
to the input vector x, expressed as：

= F � F
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Among them, 𝜙m is a matrix of univariate function. 𝜙out is the row vector of a
univariate function. These matrices illustrate a Kolmogorov Arnold layer that
forms the basis of KAN by stacking these layers. Therefore, the construction of
KAN is as follows：

KAN(x) = 𝜙_{out} � … � 𝜙_2 � 𝜙_1
KAN is based on this theory, replacing fixed activation functions with learn-
able activation functions at the edges (weights). KAN replaces fixed activation
functions with learnable spline-based activation functions, enabling it to ap-
proximate complex nonlinear functions more effectively than traditional mod-
els such as BP and RF. This enables KAN to model complex interactions in
high-dimensional data through simpler combinations of univariate functions. In
addition, the visualization of KAN is simple, with each layer resembling a fully
connected layer, where each edge contains a one-dimensional function, simpli-
fying the understanding of complex networks through the direct representation
of functional layers. This model allows for deeper and more interpretable con-
nections between input features and outputs, demonstrating the potential for
enhancing model transparency in machine learning applications. KAN uses ex-
tracted symbolic formulas to enable us to understand the potential relationship
between input features and results. Its excellent predictive accuracy and in-
terpretability make it a promising alternative to traditional machine learning
models in predicting the surface temperature and corresponding time during
the radiation and cooling experiments.

Results and Discussion
Experimental Measurement

Figure 3 shows the KAN structure, which is analyzed through experimental
measurement simulation. By using a temperature sensor to measure the front
and back surface temperatures of sample and repeating the above testing steps
and measure the front and back surface temperatures of samples with thicknesses
of 2, 4, 5.7, and 6 mm, the temperature changes of samples are shown in Table
1 . Table 1 provides the temperature measurement data of carbon fiber/epoxy
composite in light experiments caused by light radiation from a nuclear explosion
simulation light source.

Table 1 Temperature of carbon fiber/epoxy composite during radiation from
nuclear explosion simulation light source
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Measurement
con-
di-
tions

Initial
tem-
per-
a-
ture

Measurement
con-
di-
tions

Temperature
at
L=5.7mm
and
t=9s

Front
surface
tem-
pera-
ture at
t=9s

Temperature
at
L=6mm
and
t=9s

Temperature
at
L=2mm
and
t=9s

Temperature
at
L=3mm
and
t=9s

Maximum
tempera-
ture at rear
surface
during
cooling
stage

Based on the experimental data of carbon fiber/epoxy composite materials ir-
radiated by nuclear explosion simulation light source, numerical solution was
carried out using finite difference method. The parameters of simulation are as
followed: �=1.562 g/cm3, c=1.028 J/(g・K), k=0.745 W/(m・K), 𝛿=5.67$×10^{-
8}$ W/(m2・K4), �=0.4, 𝛾=0.00001 mm−1, qred=10 W/cm2, 𝛼=0.012, hf=20.05
W/(m2・K) and T0=293.04 K. The simulation results are approximately the
same as the experimental results. Therefore, the temperature dynamics of sam-
ple can be obtained in Fig. 4 [Figure 4: see original paper].

Figures 4(a) and 4(b) are 3D temperature evolution process and top view of the
3D temperature evolution process, respectively. It can be seen that the temper-
ature gradually increases along the thickness direction when irradiated within
0-9 seconds. Within 9-18 seconds, the light source is turned off. Due to the
effects of thermal convection and diffusion, the sample will undergo tempera-
ture diffusion along the thickness direction towards the rear surface, causing the
rear surface temperature continue to rise to the highest value and then begin
to decrease. Figure 4(c) shows the temperature variation curves with different
thicknesses. It can be seen that temperature is rapidly rise during the irradi-
ation stage. The front surface temperature reaches its maximum value after
nine seconds of irradiation. The time for the maximum temperature to occur at
other thicknesses is greater than 9 seconds, and as the thickness increases, the
time for the highest temperature to occur also increases. Figure 4(d) shows the
temperature variation curve with thickness at different time points. It can be
seen that the temperature distribution with high value at the middle and low
value at both sides will occur along the thickness direction during the cooling
stage.

Fig. 4 Simulation results based on finite difference method (FDM). (a) 3D
temperature evolution process; (b) Top view of the 3D temperature evolution
process; (c) Temperature curves with respect to different thicknesses; (d) Tem-
perature curve with respect to different time.

PINN Analysis of Radiation and Cooling Model

The implementation of PINN for the radiation and cooling model involves sev-
eral key steps. First, a spatiotemporal coordinate system is established based
on t and L. This system is crucial for accurately capturing the dynamics of the
temperature evolution during the irradiation and cooling stages. Next, physical
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information for these stages is constructed, incorporating the relevant thermal
properties and boundary conditions. The FDM is then employed to numerically
solve the initial position, boundary position, and experimental data, which serve
as the initial conditions and boundary constraints corresponding to the physical
information of PINN. Then, a PINN solver is constructed. The feedforward
neural network for both the irradiation and cooling stages is configured with
2 neurons in the input layer, 20 neurons in the hidden layer, and 1 neuron in
the output layer. The number of hidden layers, activation functions, weight
initialization, and learning rate are all set to 4, tanh, Glorot normal, and 10−3,
respectively. The two network loss functions are optimized using Adam and
L-BFGS to ensure they meet the physical information corresponding to the ra-
diation and cooling models. Finally, the performance evaluation curve of the loss
function for the radiation and cooling model is derived, and the trained PINN
solver is completed. The proposed PINN solver enables the rapid acquisition of
temperature evolution dynamics for both stages.

According to the aforementioned steps for PINN training, the results for the
radiation and cooling model are illustrated in Figure 5 [Figure 5: see original
paper]. Figure 5(a) presents the spatiotemporal temperature evolution derived
from PINN training using a mixture of finite difference method simulation data
and experimental data. Figure 5(b) highlights the error between the training
data and PINN prediction data, indicating that the primary error occurs at
the boundary between the irradiation and cooling stages. The performance
evaluation of PINN has been calculated. After 10,000 iterations of PINN in
both stages, the training errors are 10−2 and 10−4, respectively, signifying that
the network associated with this PINN solver exhibits good generalization abil-
ity. The neural network employed for the radiation and cooling stages divides
the spatiotemporal range into 1,540 small blocks for solving. The boundary
sampling points of the spatiotemporal range are 160, and the sampling points
for testing the accuracy of the solution results are 1,540. The number of op-
timization training steps is 8,000, and the time required to train the neural
network is approximately 15 minutes. The speed of solving internal local points
of the proposed heat conduction model based on the trained network is notably
fast. For instance, solving 5,202 spatiotemporal position points through the
trained model takes only 0.064 seconds, which is ten times faster than tradi-
tional methods. Additionally, this method does not involve grid partitioning
and ignores errors generated during the iterative process, allowing it to solve
the corresponding temperature in any spatiotemporal domain and quickly ad-
dress a large number of repetitive and identical computational problems. This
approach holds significant potential for the future construction of a large model
for rapid solving of heat transfer and temperature evolution prediction.

Fig. 5 Simulation results based on PINN. (a) Temperature evolution process;
(b) Error between the PINN results and training sample.
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Simulation Calculation with Different Input Parameters

In practical applications, the maximum surface temperature Tmax and its cor-
responding time tmax have always been a focus of attention in the engineering
field. In the experiment, the selection of various parameters is closely related to
the highest temperature in the cooling stage. In order to better study the rela-
tionship between various parameters and the highest temperature in the cooling
stage, as well as the time when this temperature occurs, and to provide better
guidance for actual measurements, we used a modified experimental program
to investigate the effects of changes in the initial temperature T0 of carbon
fiber/epoxy composite materials from 291.04 to 299.04 K, thickness L from 4.5
to 7.0 mm, energy density qred of nuclear explosion simulation light sources
from 8 to 10 W/cm2, and the time texp of light source radiation on the surface
of carbon fiber/epoxy composite materials from 7 to 12 s on the cooling stage.
The influence of the maximum surface temperature Tmax and its corresponding
tmax was examined. Figure 6 [Figure 6: see original paper] shows the relation-
ship between different input parameters and temperature characteristics. The
insets in the Fig. 6 shows the variation of Tmax and tmax with various param-
eters. Figure 6(a) shows the temperature variation curves of the back surface
corresponding to different energy densities. It can be seen that as qred gradu-
ally increases, Tmax gradually increases and tmax gradually decreases. Figure
6(b) shows the temperature variation curves of the back surface corresponding
to different initial temperature. As T0 gradually increases, Tmax also increases,
while tmax remains unchanged. Figure 6(c) depicts the temperature variation
curves of the back surface corresponding to different thicknesses. As L increases,
Tmax gradually decreases and tmax gradually increases. Figure 6(d) illustrates
the temperature variation curves of the back surface corresponding to different
radiation times. As texp increases, both Tmax and tmax also increase. Figure
6 clearly depicts the relationship between different input parameters and the
maximum surface temperature and its corresponding time.

Fig. 6 Temperature variation with respect to different parameters, insets show
the variation of Tmax and tmax with respect to different parameters. (a) Tem-
perature variation with respect to qred, (b) Temperature variation with respect
to T0, (c) Temperature variation with respect to L, (d) Temperature variation
with respect to texp.

Analysis of KAN Temperature Feature Prediction Model

To clearly predict the surface temperature corresponding to different parame-
ters, an initial temperature T0, thickness L, energy qred, and the time texp were
randomly assigned values within the simulated parameter variation range men-
tioned above. Other parameters followed Table 2 , and the highest temperature
Tmax and the tmax were simulated. A sample dataset of 1,000 different input
parameters and output results was generated and used to construct and train
a KAN neural network for better analysis and prediction of the relationship
between the effects of different parameters on the radiation surface tempera-
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ture characteristics. Three aspects of analysis were specifically studied: visual
prediction using the KAN network, comparison of multiple deep learning predic-
tion algorithms with the KAN network prediction algorithms, and integrating
multiple prediction models into a multi-mechanism prediction model using the
idea of ensemble learning to increase the stability of predictions.

To gain a deeper understanding of how the input parameters affect the maximum
surface temperature, the KAN neural network was used for training and anal-
ysis. Firstly, we construct a fully connected KAN network structure, perform
sparse regularization initial training on this structure to promote the sparsity of
network weights, reduce model complexity, and prevent overfitting. Secondly,
we use automatic pruning algorithm to identify and remove hidden neurons that
contribute less to model prediction. This process not only reduces the size of the
model, improves its computational efficiency and generalization ability, but also
forms a more compact and efficient KAN model. Thirdly, all activation func-
tions in the network were symbolized, allowing the network’s behavior to be
described in mathematical expressions, providing convenience for subsequent
analysis and verification. Finally, we use the Sympy library to calculate the
symbol formula of the output node and verify the correct answer. In order to
comprehensively evaluate the predictive performance of the KAN model, Mean
Absolute Error (MAE) and Root Mean Square Error (RMSE) were introduced
as evaluation metrics. These two indicators can quantify the difference between
the model’s predicted values and the true values. Specifically, MAE measures
the average size of prediction errors, while RMSE performs square weighting on
errors and is more sensitive to outliers.

The proposed KAN model is used to predict the maximum surface temperature
after the cooling stage. The number of hidden layers, input neurons, output neu-
rons, intermediate hidden neurons, grid spacing, and splines in the KAN config-
uration are set to 1, 4, 1, 2, 5, and 3, respectively. The LBFGS optimizer is used
for training to simplify and explain the prediction of the maximum temperature
based on the input parameters. The KAN training prediction step is shown
in Figure 7 [Figure 7: see original paper], which clearly captures the complex
nonlinear relationship between input features and output results. The symbol
formula extracted in KAN provides further interpretability for predicting the
maximum surface temperature after the cooling stage, allowing us to understand
the potential relationship and specific expression between the four parameters
(initial temperature T0, thickness L, energy qred, the radiation time texp) and
the maximum temperature Tmax, and the KAN predictions are consistent with
those found by simulation calculations with different input parameters. As the
initial temperature T0, the energy qred, and the irradiation time texp increase,
the maximum surface temperature Tmax gradually increases. As the thickness
L increases, maximum surface temperature Tmax gradually decreases.

Fig. 7 KAN prediction model between the input parameters and Tmax

The KAN model designed to predict the corresponding time of maximum surface
temperature incorporates three hidden neurons within its intermediate layers.
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This architecture closely resembles that of the temperature prediction model,
ensuring a consistent neural network structure. Following the same training
procedures outlined in Figure 8 [Figure 8: see original paper], the Mean Absolute
Error (MAE) and Root Mean Square Error (RMSM) for the predicted time
of the highest surface temperature post-cooling stage are 0.1826 and 0.2306,
respectively. Additionally, Figure 8 further illustrates the training steps of the
second KAN model, revealing patterns in the input parameters that closely
resemble those observed previously. By dissecting the one-dimensional functions
associated with each edge, we gain insights into the functional relationships
between various parameters and tmax. Notably, the initial temperature T0
does not influence tmax, any initial temperature T0 yields the same tmax.

Fig. 8 KAN prediction model between the input parameters and tmax

The proposed KAN model stands out due to its innovative neural network
structure, which enables it to approximate any continuous function with excep-
tionally high accuracy. This capability optimizes computing resources, solving
highly complex nonlinear problems with minimal memory and computational
power. Unlike traditional neural networks that often rely on deep stacking or ex-
tensive architectures to capture the nuances of complex functions, KAN employs
a more compact and grounded framework. This innovation not only enhances
the model’s learning efficiency and prediction accuracy but also reduces its re-
liance on computational resources, making high-quality function approximation
feasible even in resource-constrained environments. The suite of advantages of-
fered by KAN represents a significant leap forward in traditional neural network
design, offering fresh perspectives and methodologies for tackling complex phys-
ical phenomena, engineering challenges, and big data analytics. This suggests
that artificial intelligence technology will exhibit broader application prospects
and robust developmental potential across these domains.

To assess the performance of the proposed KAN model, we subjected it to a
comparative analysis with traditional deep learning prediction models, utilizing
a meticulously designed simulation dataset as our testing platform. In this
predictive capacity competition, we enlisted six representative models — SVM,
ELM, RF, BP, RBFNN, and KAN — to comprehensively analyze and predict
the temperature characteristics of the rear surface. To ensure a fair and accurate
evaluation, we employed MAE and RMSE as our key performance indicators,
executing 10 cycles of prediction algorithms for each model and averaging the
results to achieve more stable outcomes. The specific prediction comparison
outcomes are detailed in Table 2. It is evident from Table 3 that KAN, with its
distinctive single-layer network structure, matches the accuracy of other models.
Additionally, the table highlights the varying impacts of different deep learning
models on prediction indicators, deepening our understanding of each model’s
characteristics and providing valuable insights for future performance prediction
research in similarly complex environments.

Table 2 Comparison of prediction model results using different intelligent algo-
rithms
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Intelligent algorithms | KAN (1 layer) | BP (1 layer) | BP (2 layer) | ELM (5
node) | ELM (10 node) | RF (5 tree) | RF (10 tree) | RBFNN (1 rbf) | RBFNN
(2 rbf) |

In the study of intelligent algorithms prediction, we identified instability within
the prediction process. To address this, we introduced ensemble learning and
constructed a multi-mechanism prediction model that integrates the six distinct
algorithms mentioned above. Each prediction model, owing to its unique pre-
diction mechanisms, exhibits different biases and variances during training and
varies in sensitivity to noise and abnormal data. Each model excels in captur-
ing specific data features. The organic integration of these diverse models not
only disperses errors potentially introduced by a single model but also leverages
their complementarity to significantly enhance the overall model’s robustness.
This multi-model collaborative approach effectively reduces the dependence of
prediction results on single model deviations, improving both accuracy and sta-
bility. When constructing this multi-mechanism prediction model, we adopted
a refined weight allocation strategy based on key performance indicators such
as MAE and RMSE. The performance of each model in the prediction task was
evaluated, and appropriate weights were assigned accordingly. This process en-
sures that the model integration can fully leverage the strengths of each model
while minimizing their potential weaknesses, achieving a more comprehensive
and accurate capture of the overall data trend. The specific weight allocation
formula is as follows：

A= g_{RF}・A_{RF} + g_{RBFNN}・A_{RBFNN} + g_{SVM}・A_{SVM}
+ g_{BP}・A_{BP} + g_{KAN}・A_{KAN}

Where, g_{RF}, g_{RBFNN}, g_{SVM}, g_{BP}, g_{KAN} are the weights
corresponding to the five algorithms, respectively. Q_{RF}, Q_{RBFNN},
Q_{SVM}, Q_{BP}, Q_{KAN} are the error metrics corresponding to the
five algorithms, respectively. A is the predicted values after ensemble learning.
A_{RF}, A_{RBFNN}, A_{SVM}, A_{BP}, A_{KAN} are the predicted
values corresponding to the five algorithms, respectively. By training and simu-
lating the integrated algorithm using the above algorithm, the real and predicted
values of the nuclear explosion radiation input parameters and the maximum
surface temperature and corresponding time after the cooling stage are com-
pared in Figure 9 [Figure 9: see original paper]. Figures 9(a) and 9(b) show
the MAE and RMSM index values of the multi mechanism prediction model
corresponding to the maximum surface temperature and its occurrence time,
which are 0.1425, 0.1706, 0.0376, and 0.0461, respectively. It can be concluded
that the algorithm has good stability, and the various indicators corresponding
to the predicted values are better than those predicted by a single algorithm.
This multi mechanism prediction model utilizes the power of ensemble learning
to demonstrate strong generalization ability, achieving a dual improvement in
prediction accuracy and stability.

Fig. 9 Prediction value between multi-mechanism model and training sample,
(a) Comparison between the training sample and predicted values of Tmax, (b)
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Comparison between the training sample and predicted values of tmax.

Conclusion
We have successfully developed and implemented a rapid solver leveraging the
PINN, and integrated the KAN to precisely forecast the correlation between
the maximum surface temperature and its occurrence time, considering multi-
ple parameters. A comprehensive mathematical model of heat conduction that
encompasses both the radiation and cooling phases has been established. By
amalgamating experimental data with model-solving data, PINN training ef-
fectively captures the implicit relationships between temperature and temporal-
spatial variations, significantly enhancing computational efficiency in predicting
temperature evolution. A detailed analysis was conducted to elucidate the influ-
ence mechanisms of various parameters on the maximum temperature and its
timing on the rear surface. Subsequently, a meticulous parameter-temperature
response database was constructed through numerical simulation. Capitalizing
on KAN’s superior accuracy, interpretability, and minimal hyperparameter re-
quirements, an efficient prediction model was devised, yielding intuitive visual
formulas that markedly enhance both readability and practicality of the model.
To substantiate the superiority of the KAN model, we undertook a thorough
comparative analysis against five prominent machine learning models—SVM,
ELM, RF, BPNN, and RBFNN. Furthermore, to bolster the robustness of our
prediction model, we adopted an ensemble learning approach, integrating six
models for collaborative prediction. This strategy significantly augments the sta-
bility of prediction outcomes. This study not only employs PINN as an efficient
tool for solving complex temperature evolution problems in carbon fiber/epoxy
composite materials under simulated nuclear explosion radiation, but also trains
a KAN model capable of accurately predicting peak temperatures and their cor-
responding times. This dual approach deepens our comprehension of its intrin-
sic operational mechanisms and predictive capabilities, which furnishes thermal
protection solutions tailored for equipment constructed from carbon fiber/epoxy
composites in nuclear explosion scenarios.
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