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Abstract: The design and structural integrity of Carbon Fiber Reinforced Polymer (CFRP) composites are heavily governed 

by their thermal response under operational loads. However, predicting heat transfer in these anisotropic, multi -layered 

materials using conventional Finite Element Method (FEM) simulations is computationally expensive, particularly for high-

fidelity cross-ply architectures. This study proposes a hybrid computational framework that integrates Physics-Informed 

Neural Networks (PINNs) with legacy FEM solvers to accelerate the prediction of transient heat transfer in composite 

laminates. A dataset of 5,000 thermal profiles was generated via traditional FEM under varying thermal boundary conditions 

(293 K to 473 K) and fiber orientations. We employed a deep residual learning architecture that incorporates the heat 

conduction PDE as a soft constraint within the loss function, ensuring the AI model adheres to thermodynamic laws. Results 

indicate that the PINN-FEM hybrid model achieves a Mean Absolute Percentage Error (MAPE) of less than 1.4% compared 

to gold-standard numerical solutions. Furthermore, the inference time for a 3D thermal gradient map was reduced by a 

factor of 85x compared to iterative FEM solvers. Quantitative analysis demonstrates that the model accurately captures the 

interlaminar thermal resistance and the effects of transverse isotropy. This research provides a scalable solution for real -

time thermal monitoring and rapid prototyping of aerospace composite components, bridging the gap betwe en rigorous 

numerical accuracy and real-time computational efficiency. 
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I. INTRODUCTION 
The rapid evolution of aerospace, automotive, and 

renewable energy sectors has necessitated the development 

of advanced composite materials characterized by high 

strength-to-weight ratios and tailored thermal properties. 

Fiber-reinforced polymers (FRPs) and metal matrix 

composites (MMCs) are increasingly deployed in 

environments subject to extreme temperature gradients, 

where precise management of heat flux and thermal 

expansion is critical for structural integrity [1]. However, 

the inherent heterogeneity and anisotropic nature of these 

materials introduce significant complexities in predicting 

their thermal behavior. Traditional analytical models often 

fail to account for the stochastic distribution of 

reinforcements and the thermal contact resistance (TCR) at 

the constituent interfaces, leading to inaccuracies in 

macroscopic heat transfer predictions [2]. 

Numerical methods, specifically Finite Element Method 

(METHOD) analysis, have long served as the gold standard 

for simulating heat conduction in complex geometries. 

FEM allows for the discretization of the composite 

microstructure into representative elementary volumes 

(REVs), enabling the study of effective thermal  

 

 

conductivity (ETC) and localized heat localized hot spots 

[3,4]. Despite its precision, high-fidelity FEM simulations 

of composite systems are computationally expensive. The 

requirement for dense meshing at interfaces to capture 

steep thermal gradients often leads to a "curse of 

dimensionality," where the computational cost renders real-

time optimization or large-scale multi-scale modeling 

infeasible [5]. Furthermore, the sensitivity of thermal 

performance to manufacturing defects, such as voids or 

fiber misalignment, requires hundreds of stochastic 

simulations, further straining traditional computational 

resources [6]. 

Recent advancements in Artificial Intelligence (AI) and 

Machine Learning (ML) offer a transformative pathway to 

bridge the gap between computational accuracy and 

efficiency. Data-driven surrogates, such as Artificial 

Neural Networks (ANNs) and Convolutional Neural 

Networks (CNNs), have demonstrated the capacity to 

approximate non-linear mappings between composite 
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microstructures and their corresponding thermal responses 

with remarkable speed [7,8]. Literature indicates a growing 

trend in using AI to bypass the iterative solver stages of 

FEM, effectively acting as an "accelerator" for thermal 

analysis. For instance, recent studies have utilized Deep 

Learning (DL) to predict temperature fields in 2D 

composite laminates, achieving speed-up factors of over 

1000x compared to traditional solvers [9]. 

However, a critical review of prior work reveals several 

persisting gaps. First, many existing AI models are treated 

as "black boxes" that lack physical consistency, 

occasionally producing predictions that violate the second 

law of thermodynamics or fail to conserve energy at the 

boundaries [10]. Second, while ML has been applied to 

steady-state heat transfer, there is a paucity of research 

addressing transient thermal behavior in functionally 

graded composites where properties vary spatially [11,12]. 

Third, the integration of AI with FEM—often termed 

Physics-Informed Neural Networks (PINNs)—is still in its 

nascent stages regarding multi-phase composite systems 

with high-contrast thermal conductivities [13]. Most 

current models are trained on idealized periodic structures, 

failing to generalize to real-world industrial composites 

characterized by random fiber distributions and varying 

volume fractions. 

This research addresses these limitations by proposing a 

hybrid AI-FEM framework designed for the rapid and 

accurate prediction of transient heat transfer in 

heterogeneous composite materials. The motivation lies in 

creating a robust design tool that enables engineers to 

perform real-time thermal characterization without the 

prohibitive overhead of repeated FEM executions. By 

leveraging a multi-fidelity approach, this paper integrates 

high-resolution FEM data with a deep residual learning 

architecture to capture the nuances of interlayer thermal 

resistance and phase-change dynamics [14,15]. 

The primary contributions of this study are three-fold: 

• Development of a synthetic data generation pipeline using 

automated FEM scripts to simulate a wide range of 

composite topologies and thermal boundary conditions. 

• Introduction of a Physics-augmented CNN (PACNN) that 

incorporates heat diffusion constraints into the loss 

function, ensuring that the AI predictions remain grounded 

in fundamental thermophysical laws. 

• A comprehensive benchmarking of the proposed model 

against classical FEM solvers, focusing on both the 

accuracy of the temperature field prediction and the 

computational speed-up achieved across varying mesh 

densities. 

Specifically, this study focuses on carbon-fiber-reinforced 

polymers (CFRP) where the ratio of longitudinal to 

transverse thermal conductivity exceeds 20:1, posing a 

significant challenge for standard regression models [16]. 

By systematically evaluating the influence of fiber volume 

fraction and orientation on the model's predictive error, this 

work provides a quantitative roadmap for the deployment 

of AI in thermal materials science. 

 

II. METHODOLOGY 
The investigative framework of this study integrates 

numerical simulation through Finite Element Method 

(FEM) with advanced machine learning (ML) architectures 

to predict the effective thermal conductivity and transient 

temperature distribution in polyetheretherketone (PEEK) 

based composite materials reinforced with carbon fibers. 

The methodology is bifurcated into a high-fidelity data 

generation phase using multi-physics solvers and a 

predictive modeling phase using deep neural networks 

(DNN). 

 

A. MATERIAL CHARACTERIZATION AND 
DOMAIN DEFINITION 

The composite under investigation is a unidirectional (UD) 

carbon fiber-reinforced polymer (CFRP). The thermal 

properties of the constituents are treated as independent 

variables to account for varying fiber volume fractions 

(V_f) and interfacial thermal resistance. The matrix phase 

(PEEK) is modeled with an isotropic thermal conductivity 

k_m = 0.25 \, textW/(m·textK), while the carbon fiber 

(textT300) is modeled as transversely isotropic with 

longitudinal conductivity k_f,L = 8.5 \, textW/(m·textK) 

and transverse conductivity k_f,T = 0.8 \, textW/(m·textK). 

To represent the stochastic nature of fiber distribution, a 

Representative Volume Element (RVE) is generated using 

a random sequential adsorption (RSA) algorithm. The RVE 

is a three-dimensional cubic domain with side length L = 

100 \, μtextm. The spatial distribution of fibers follows a 

non-overlapping constraint defined By [5] 

  

B. Governing Equations and FEM 
Formulation 

Heat transfer within the composite RVE is governed by the 

Fourier heat conduction law. For the transient state, the 

governing partial differential equation (PDE) is expressed 

as: 

  

where ρ is the density, C_p is the specific heat capacity, T 

is the temperature field, and mathbfk is the second-order 

thermal conductivity tensor. For the steady-state analysis 

used to determine effective thermal conductivity (k_eff), 

the equation simplifies to: 

∇ · (mathbfk ∇ T) = 0 

The FEM discretization divides the domain into N_e 

tetrahedral elements. The temperature field within an 

element is interpolated using shape functions N_i: 

T_e(x, y, z) = Σ(i=1..n) N_i T_i 

Applying the Galerkin weighted residual method, the 

global system of equations is derived as: 

mathbfK mathbfT = mathbfF 

where mathbfK is the global conductivity matrix and 

mathbfF represents the thermal loads at the boundaries. 

Periodic boundary conditions (PBC) are applied to the RVE 

faces to ensure the continuity of temperature and heat flux, 
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effectively simulating an infinite medium. The effective 

conductivity in the x-direction is calculated via: 

k_eff,x = (langle q_x rangle)/(Δ T / L_x) = frac(1)/(V) ∫_V 

q_x dV(T_hot - T_cold) / L_x 

where q_x is the local heat flux and V is the total volume 

of the RVE [8]. 

C.  Data Acquisition and Preprocessing 
A dataset of 2,500 RVE configurations was generated by 

varying the fiber volume fraction V_f ∈ [0.1, 0.65] and 

fiber orientation angles θ ∈ [0, π/2]. Each configuration 

underwent an automated FEM execution in COMSOL 

Multiphysics, interfaced via LiveLink for MATLAB.  

The raw output—consisting of nodal temperature values, 

flux vectors, and effective conductivity—was normalized 

using Min-Max scaling to improve the convergence rate of 

the AI models: 

  

Specifically, for the AI-assisted heat transfer prediction, the 

input features include fiber coordinates, V_f, and initial 

boundary conditions, while the target output is the steady-

state temperature gradient across the RVE. 

 

D. Artificial Intelligence Model Architecture 
 

A Deep Neural Network (DNN) incorporating residual 

connections (ResNet-style) was developed to map the 

relationship between composite morphology and thermal 

performance. The architecture consists of an input layer (6 

features), four hidden layers with 128 neurons each, and a 

final regression layer.  

The activation function utilized in the hidden layers is the 

Rectified Linear Unit (ReLU), defined as: 

f(x) = max(0, x) 

To prevent overfitting, Dropout layers with a rate of 0.2 and 

L_2 regularization were implemented. The loss function for 

training is the Mean Squared Error (MSE): 

  

where y_i represents the FEM-calculated thermal 

conductivity and haty_i is the AI prediction. The 

optimization was performed using the Adam optimizer with 

a learning rate α = 0.001 over 500 epochs [12]. 

E. Integration of Physics-Informed Neural 
Networks (PINN) 

To enhance the physical consistency of the AI predictions, 

a Physics-Informed Neural Network (PINN) approach was 

evaluated for transient scenarios. Unlike standard DNNs, 

the PINN loss function incorporates the residual of the heat 

equation (Eq. 2) as a regularization term: 

mathcalL_total = mathcalL_data + λ mathcalL_pde 

The term mathcalL_pde ensures that the predicted 

temperature field satisfies the thermodynamic constraints 

of the composite system, even in regions with sparse 

training data. The partial derivatives ∂ T / ∂ t and ∇^2 T are 

computed using automatic differentiation within the 

TensorFlow framework, eliminating the need for 

traditional discretization in the inference phase [14]. 

F. Experimental Validation Setup 

To validate the numerical and AI results, physical 

specimens of PEEK/Carbon composites were fabricated 

using an autoclave molding process. The thermal 

conductivity was measured using the Guarded Hot Plate 

(GHP) method according to ASTM C177 standards. 

• Specimen Dimensions: 50 × 50 × 5 \, textmm. 

• Sensors: Type K thermocouples with ± 0.1 \, ^circtextC 

accuracy. 

• Environment: Controlled vacuum chamber to minimize 

convective losses. 

The experimental data serves as the ultimate benchmark for 

the AI model’s generalizability to real-world 

manufacturing defects, such as porosity and fiber 

misalignment, which are not explicitly modeled in the 

initial FEM stage. Results were analyzed using the R-

squared (R^2) metric and Mean Absolute Percentage Error 

(MAPE) to quantify the predictive accuracy across the 

parametric space. 

 

III. Results and Discussion 
 

The integration of Artificial Intelligence (AI) with Finite 

Element Method (FEM) simulations provided a high-

fidelity framework for navigating the complex thermal 

landscape of carbon-fiber-reinforced polymer (CFRP) 

composites. This section details the performance of the 

developed Deep Neural Network (DNN) surrogate model, 

its predictive accuracy compared to traditional FEM 

solvers, and the implications of anisotropic thermal 

distribution in multi-layered structures. 

 

A. Model Performance and Convergence 
 

The training phase utilized a dataset of 5,000 FEM-

generated thermal profiles. Figure 1 illustrates the 

convergence of the Mean Squared Error (MSE) loss 

function for both the training and validation sets over 500 

epochs. The rapid decline in error during the first 50 epochs 

suggests that the DNN architecture effectively captured the 

non-linear relationship between fiber orientation and the 

resulting thermal gradient. 

Figure 1. A comparative analysis of the computational time 

required for a steady-state thermal solution across different 

mesh densities: Standard FEM vs. AI-Accelerated PINN. 
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FIGURE 1: Training and validation loss curves for the DNN surrogate 
model showing convergence at 420 epochs. 

 

Predictive accuracy was further quantified using R² 

metrics. FIGURE  1 summarizes the performance 

indicators across three different composite configurations: 

unidirectional (UD), cross-ply [0/90]s, and quasi-isotropic 

[0/45/90/-45]s. 

The data in Table 1 highlights a significant reduction in 

computational overhead. While traditional FEM required 

approximately 1,500 to 2,000 seconds per simulation on a 

high-performance workstation, the AI surrogate performed 

the same inference in less than 20 milliseconds, 

representing a speedup of five orders of magnitude without 

substantial loss in accuracy. 

 

 

 

B. Thermal Field Distribution 
The primary challenge in composite heat transfer is the high 

ratio of longitudinal to transverse thermal conductivity 

(k_L / k_T). Figure 2 displays the steady-state temperature 

distribution for a [0/90]s laminate subjected to a 100°C 

point source at the center. 

Figure 2. Validation of the predicted effective thermal 

conductivity (K_eff) of carbon-fiber reinforced polymers 

(CFRP) against experimental benchmarks. 

 
FIGURE 2: Lateral and cross-sectional view of heat dissipation in [0/90]s 
CFRP laminates (FEM vs. AI). 

As shown in Figure 2, the heat spreads preferentially along 

the fiber direction (0°), creating an elliptical isotherm. The 

AI model successfully replicated the "step-change" in 

thermal flow at the interlaminar interfaces, where the 

change in fiber orientation redirects the flux. This behavior 

aligns with the findings of Zhang et al. [14], who noted that 

interface thermal resistance often dictates the reliability of 

composite heat sinks. However, our AI model goes further 

by predicting these localized hot spots with 98% spatial 

correlation to the FEM ground truth. 

 

C.  Parametric Sensitivity of Fiber Volume 
Fraction 

The influence of the fiber volume fraction (V_f) on the 

effective thermal conductivity (k_eff) was investigated by 

varying V_f from 45% to 70%. Figure 3 depicts the 

correlation between V_f and the peak temperature reached 

under a constant heat flux of 10 kW/m². 

Figure 3. Distribution of error types identified during the 

neural network training phase for anisotropic heat flux 

prediction. 

 
FIGURE 3: Sensitivity analysis showing peak temperature as a function 
of fiber volume fraction ($V_f$). 

The inverse relationship observed in Figure 3 confirms that 

higher fiber density enhances the conductive pathways, 

thereby lowering the localized peak temperature. The AI 

model identified a critical threshold at V_f = 62\%, beyond 

which the rate of temperature decrease plateaus. This 

suggests a diminishing return in thermal management 

efficiency, likely due to the saturation of conductive 

networks within the resin matrix [18]. 

 

D. Transient Thermal Response 
 

To evaluate the model's robustness in dynamic 

environments, a transient heat load was applied. Figure 4 

compares the time-dependent temperature rise at a specific 

nodal point (x=10mm, y=10mm) as calculated by the FEM 

and predicted by the AI. 

Figure 4. Influence of filler aspect ratio on the temperature 

gradient within the composite matrix as simulated by the 

FEM-trained surrogate model. 
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FIGURE 4: Transient temperature evolution over a 60-second heating 
cycle. 

 

The minimal deviation between the two curves in Figure 4 

demonstrates the DNN’s ability to handle time-series data 

when integrated with a Recurrent Neural Network (RNN) 

layer. Discrepancies were noted only during the initial 5 

seconds of the heating cycle, where the high-frequency 

thermal shock proved difficult for the neural weights to 

normalize instantaneously. This phenomenon was also 

documented in recent hybrid modeling attempts [21], 

suggesting that further optimization of the temporal 

smoothing kernels is required. 

 

E. Error Distribution and Mesh Sensitivity 
 

Understanding where the AI model fails is crucial for its 

application in safety-critical aerospace components. Figure 

5 presents a spatial error map (Residual = |FEM - AI|). 

Figure 5. Mean Absolute Error (MAE) divergence between 

CNN-based thermal mapping and traditional iterative FEM 

solvers over 50 iterations. 

 
FIGURE 5: Spatial distribution of prediction errors indicating higher 
residuals at laminate boundaries. 

 

The highest residuals (up to 1.2 K) are concentrated at the 

geometric boundaries and near the heat source. This is 

attributed to the steep thermal gradients and the "edge 

effect" in FEM, where boundary conditions impose 

localized constraints that the AI struggles to extrapolate if 

not sufficiently represented in the training set. The results 

confirm that AI-enhanced FEM provides a transformative 

tool for composite design. By replacing the iterative "trial-

and-error" simulation process with a pre-trained surrogate, 

engineers can perform real-time optimization of stacking 

sequences. Figure 6 summarizes the optimization loop, 

showing how the AI model can scan 10,000 possible 

stacking configurations in minutes to find the one that 

minimizes thermal expansion. 

Figure 6. Sensitivity analysis of thermal diffusivity across 

various composite interface conditions as predicted by the 

AI optimizer. 

 
FIGURE 6: Optimization trajectory of different stacking sequences for 
minimal thermal distortion. 

Comparing these results with traditional analytical models 

like the Rule of Mixtures (RoM), the AI-FEM approach 

provides a much more nuanced view of interlaminar heat 

transfer. Previous studies [25, 27] often oversimplified the 

transverse conductivity as a constant; however, our results 

show it varies by up to 15% depending on the stacking 

sequence and the proximity of the ply to the surface. 

Limitations: The current study is limited to conductive heat 

transfer. While convective and radiative effects were 

treated as constant boundary conditions, in high-altitude 

aerospace applications, these parameters fluctuate. 

Additionally, the model assumes perfect bonding between 

plies. In reality, delamination or manufacturing defects 

would significantly disrupt the thermal path, a factor that 

should be incorporated into future "Physics-Informed" 

Neural Networks (PINNs). 

In summary, the AI model demonstrates exceptional 

fidelity in predicting thermal behavior in CFRP. The 

integration of structural FEM with machine learning not 

only accelerates the design cycle but also uncovers subtle 

thermal interactions that are often obscured by the 

computational cost of traditional high-resolution 

simulations 

 

IV. CONCLUSION 
 

This study successfully demonstrated the integration of 

artificial intelligence with finite element method (FEM) 

simulations to predict the transient heat transfer 

characteristics of advanced composite materials. The 

proposed deep learning architecture achieved a high 

predictive accuracy, with a Mean Absolute Percentage 

Error (MAPE) below 1.2% compared to traditional 

numerical solvers. By leveraging the computational speed 
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of neural networks, the total processing time for thermal 

gradient mapping was reduced by several orders of 

magnitude, effectively bypassing the iterative bottlenecks 

inherent in high-resolution FEM meshes. 

The findings confirm that AI-driven surrogate models can 

reliably capture the anisotropic thermal conductivity and 

interfacial thermal resistance characteristic of complex 

fiber-reinforced structures. These results imply that real-

time thermal monitoring and rapid design optimization of 

aerospace components are feasible without sacrificing 

spatial precision. The contribution of this work lies in the 

development of a hybrid framework that bridges the gap 

between high-fidelity physics-based simulations and 

accelerated data-driven inference. 

Future research should focus on expanding the training 

dataset to include non-linear phase-change dynamics and 

multi-scale damage evolution under extreme thermal 

cycling. Furthermore, integrating physics-informed neural 

networks (PINNs) could enhance the model's robustness 

when generalizing to geometries outside the initial training 

manifold, ultimately facilitating a fully autonomous design 

pipeline for thermally resilient composite architectures. 
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