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Physics-guided neural networks provide several advantages over traditional numerical solvers. First, they produce 
continuous solution representations that allow temperature predictions at any spatial location without requiring grid 
interpolation. Second, they reduce the dependency on large labeled datasets by using physical laws as supervisory signals 
during training. Third, they enable flexible modeling of high-dimensional physical systems. This study proposes a Physics-
Guided Neural Network framework for solving a three-dimensional transient heat conduction problem. The proposed 
model learns the spatio-temporal temperature distribution inside a cubic solid domain while satisfying the governing heat 
diffusion equation. Recent developments in machine learning have enabled the use of neural networks for modeling 
complex nonlinear systems across various scientific domains. Neural networks have been shown to possess strong 
universal approximation capabilities, allowing them to approximate arbitrary non linear functions when provided with 
sufficient training capacity [15]. The emergence of deep learning has significantly expanded the application of neural 
networks in computational science. Modern deep learning architecture scan learn high- dimensional relationships between 
input variables and system outputs, making them suitable for modeling complex physical processes [11]. 
 

II. LITERATURE REVIEW 
Modelling heat conduction has traditionally relied on numerical methods such as finite difference and finite element 
techniques. These approaches approximate the governing heat equation by discretizing the spatial domain into grids or 
elements and solving the resulting algebraic equations iteratively [1]. While highly accurate, these techniques become 
computationally expensive for large three-dimensional domains or long simulation times. Recent research has explored 
the application of machine learning techniques to accelerate numerical simulations or approximate physical processes 
directly. Neural networks have demonstrated strong capabilities in modelling nonlinear systems and high-dimensional 
functions [4]. However, purely data-driven neural models often struggle to maintain physical consistency when modelling 
systems governed by differential equations. Physics-informed neural networks were introduced as a solution to this 
limitation by embedding governing PDEs directly into the neural network loss function [5]. In this framework, neural 
networks are trained to minimize both data loss and the residual of the governing physical equations. This approach 
enables neural models to learn physically consistent solutions even with limited labeled data. Several studies have applied 
PINNs to problems involving fluid flow, wave propagation, and thermal diffusion. For example, Raissi et al. demonstrated 
the application of physics-informed networks to solve nonlinear PDEs using automatic differentiation [5]. Karniadakis and 
collaborators further expanded this approach to include complex multi-physics systems [6]. Despite these advances, 
applying physics-guided learning to three-dimensional transient heat conduction remains challenging due to high 
computational complexity and difficulties in training neural models on large spatio- temporal domains. The proposed 
framework addresses these challenges by combining physics-based learning with efficient neural architectures capable of 
modeling thermal diffusion processes. 
A. Computational Complexity of Classical PDE Solvers 
The computational complexity of classical numerical solvers grows rapidly with increasing spatial resolution. For a three-
dimensional domain discretized into ܰݖܰ ×ݕܰ×ݔgrid points and simulated over ܰݐtime steps, the computational cost 
typically scales as ܱ(ܰݐܰݖܰݕܰݔ). In practical engineering simulations, achieving sufficient numerical accuracy often 
requires very fine meshes. This leads to extremely large systems of linear equations that must be solved at each time step. 
Consequently, high- performance computing resources are frequently required to perform such simulations efficiently. 
Several strategies have been proposed to reduce computational cost, including adaptive mesh refinement, reduced-order 
modelling, and parallel computing techniques. Reduced-order models approximate the behaviour of high-dimensional 
systems using lower- dimensional representations derived from dominant modes of the system dynamics [18]. While 
these approaches improve computational efficiency, they still rely on underlying numerical discretization techniques and 
therefore inherit many of their limitations. 
B. Neural Networks for Function Approximation 
Artificial neural networks have long been recognized as powerful function approximators capable of representing complex 
nonlinear relationships between input and output variables. The universal approximation theorem demonstrates that feed 
forward neural networks with 
Heat Conduction Physical Model 
The transient heat conduction process is governed by the heat diffusion equation: sufficient hidden units can approximate 
any continuous  ߲ܶ ߲2ܶ ߲2ܶ ߲2ܶ  function defined on a compact domain[15]. 
Where ߲(2ݖ߲+2ݕ߲+2ݔ߲)ߙ =ݐ 

This theoretical property makes neural networks attractive candidates for modeling physical processes governed by 
differential equations. Instead of discretizing the spatial domain, neural networks can be trained to approximate the 
solution of a PDE as a continuous function of spatial coordinates and time. 

III. PROPOSED METHODOLOGY ARCHITECTURE 
The proposed PGNN frame work integrates neural network learning with the governing physics of heat conduction. The 
architecture consists of several interconnected modules including spatio-temporal input generation, neural network 
modeling, physics constraint enforcement, and temperature prediction. 
 .denotes thermal diffusivity of the material [2] ߙ represents temperature and (ݐ,ݖ,ݕ,ݔ)ܶ
Initial Condition: The initial temperature of the domain is assumed to be uniform: ܶ(0,ݖ,ݕ,ݔ)=300 
Boundary Conditions: A constant temperature is applied to the top surface of the cube: ܶ(ݐ,0.1,ݕ,ݔ)=400 
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The remaining boundaries are insulated: ߲ܶ =0 ߲ ݊  
Neural Network Approximation 
The neural network approximates the temperature field using a parametric function: ܶ(ݐ,ݖ,ݕ,ݔ)ߠ 
Where ߠ denotes the trainable neural network parameters. 
Physics-Guided Loss Function 
The training objective minimizes the residual of the heat diffusion equation: 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure1. Architectural Diagram 
A. System Architecture Design 
߲ =(ݐ,ݖ,ݕ,ݔ)ܴ  (2ݖ߲+2ݕ߲+2ݔ߲)ߙ−ݐ

The system architecture includes three major functional components: 
• spatio-temporal domain representation 
• physics-guided neural model training and prediction framework 
The neural network receives spatial coordinates and time as input parameters and outputs the predicted temperature 
value corresponding to that location. The overall loss function combines PDE residual loss, boundary condition loss, and 
initial condition loss. 

IV. TECHNOLOGIES AND COMPUTATIONAL FRAMEWORK 
A. Deep Learning Frame work 
The neural network architecture used in this work is implemented using modern deep learning frameworks such as 
TensorFlow and PyTorch. These frameworks provide automatic differentiation capabilities that allow efficient 
computation of spatial and temporal derivatives required for enforcing the governing partial differential equations within 
the neural network training process. In addition, both frameworks support GPU-based parallel Density 3݉/8000݇݃=ߩ 

computation. The modular structure of these libraries also enables flexible experimentation with neural architectures, 
activation functions, and optimization strategies required for solving complex physics-based learning problems [8]. 
B. Data Processing and Numerical Libraries 
Efficient data processing is achieved using high- performance numerical computing libraries including NumPy and Pandas. 
NumPy provides optimized multidimensional array structures and vectorized mathematical operations that are essential 
for generating spatial–temporal coordinate grids and evaluating model predictions. Pandas is utilized for structured data 
handling, dataset organization, and preprocessing operations such as normalization, feature preparation, and dataset 
partitioning. 
C. Visualization and Post-Processing Tools 
Visualization plays a critical role in analyzing model performance and interpreting the predicted temperature fields. 
Libraries such as Matplotlib and Plotly are employed to generate graphical representations of the simulation results, 
including temperature distribution maps, temporal evolution plots, and performance comparison charts between the 
PGNN frame work and conventional numerical methods. 

V. IMPLEMENTATION AND RESULTS 
A. Simulation Setup 
The cubic domain is discretized using FEM for validation. The PGNN model samples collocation points randomly within 
the domain. To evaluate the performance of the proposed Physics- Guided Neural Network framework, a three-
dimensional transient heat conduction problem is considered. The simulation domain consists of a cubic block with 
dimensions: 0.1݉×0.1݉×0.1݉ 
The material properties correspond to a metallic solid with the following parameters: 
Thermal-conductivity ݇=200ܹ/݉ܭ 
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Specific heat capacity ܿܭ݃݇/ܬ500=݌ 
Thermal diffusivity ݏ/10−5݉2×5=ߙ 
The initial temperature of the cube is assumed to be uniform throughout the domain: ܶ(0,ݖ,ݕ,ݔ)=ܭ300 
A constant temperature boundary condition is applied at the top surface: ܶ(ݐ,0.1=ݖ,ݕ,ݔ)=ܭ400 
The remaining surfaces are insulated, which implies that the heat flux across those boundaries is zero. The simulation 
time interval considered in this study is 0≤ݏ10≥ݐ. This configuration represents a transient heating process where thermal 
energy diffuses from the heated surface into the interior of the cube. 
B. Model Training 
Random collocation points are sampled across the spatial domain and time interval. The neural network is trained using 
gradient-based optimization to minimize the physics- guided loss function. 
C. Temperature Field Prediction 

Figure 2.3D Cube’s Heat Distribution 
After training, the PGNN model is used to generate temperature predictions across the spatial domain at different time 
steps. The predicted temperature distribution demonstrates the diffusion of heat from the heated surface toward the 
lower regions of the cube. The three-dimensional visualization of the temperature field illustrates the spatial gradient 
formed as heat propagates through the material. 

Figure 3.2D Slice of the Cube Heat Distribution 
To further analyze the internal temperature distribution, a two-dimensional slice of the cube is extracted along the mid-
plane of the domain. This visualization provides a clearer view of the temperature gradient and allows direct comparison 
with the FEM solution. 
Performance Evaluation Metrics Metrics used for evaluation include: Mean squared error In the finite element 
approach, each simulation requires solving a large system of algebraic equations for every time step, resulting in significant 
computational cost for high- resolution meshes. The results demonstrate that while the initial training phase of the neural 
network requires computational effort, the trained PGNN model can generate temperature predictions significantly faster 
than traditional FEM simulations when repeated evaluations are required. 
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