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Abstract. This article explores two novel approaches for controlling heat transfer systems 

through the development of “digital twins”, focusing on transient thermal systems. The study 

involves creating a digital representation of a physical system, specifically a 2D square subjected 

to an inward and transient heat flux, with the goal of keeping the maximum temperature within 

a predefined limit by changing the convective cooling. The first method utilizes a neural network 

trained on steady-state data, whereas the second employs an interactive learning algorithm. 

Results show that both strategies prove to be effective in managing the system's thermal 

performance. However, the RL-based approach demonstrates greater flexibility in adapting to 

new scenarios, albeit at the cost of increased computational demands due to the necessity of 

integrating interactive learning with unsteady Finite Element Method (FEM) simulations for 

training, validation, and testing phases.  
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1.  Introduction 

In recent years, the intersection of Artificial Intelligence (AI), Machine Learning (ML), Deep 

Learning (DL), and the concept of Digital Twins (DT) has heralded a new era of innovation across 

various domains. AI refers to the simulation of human intelligence in machines programmed to mimic 

cognitive functions such as learning and problem-solving. ML, a subset of AI, empowers systems to 

automatically learn and improve from experience without being explicitly programmed. DL, in turn, 

leverages neural networks with many layers to learn representations of data with multiple levels of 

abstraction. A Digital Twin is a virtual replica of a physical system, process, or entity. It enables real-

time monitoring, analysis, and optimization by simulating its physical counterpart [1]. This paradigm 

has found applications across diverse fields, including heat transfer systems [2], [3], healthcare [4], [5] 

solid mechanics [6], [7]. 

Despite these advancements, employing Digital Twins in the context of real-time thermal 

management—particularly under transient conditions—remains an ongoing challenge. This manuscript 

aims to advance the state of the art by introducing and rigorously evaluating two distinct, novel 

approaches for controlling the maximum temperature in a transient heat transfer system. Our key 



 

 

 

 

 

 

scientific contribution lies in the comparative analysis of these methods, offering new insights into their 

respective strengths, limitations, and computational efficiency. Specifically, we detail a Supervised 

Learning (SL) method, which leverages steady-state simulation data to infer a heat transfer coefficient 

for real-time thermal management, and a Reinforcement Learning (RL) strategy, where the algorithm 

learns on the fly through direct interaction with the unsteady Finite Element Method (FEM) model. By 

comparing these two methods, we provide insights into their respective capabilities and computational 

demands. The outline of the paper is the following. We first present the fundamental problem setting 

and boundary conditions for the transient thermal system, followed by a description of each digital twin 

approach. Subsequently, we compare and discuss the outcomes of both methods and then some 

conclusions are drawn. 

2.  Problem definition 

The problem is governed by heat transfer equation in a solid medium, without any internal 

generation, in which a transient heat flux 𝑞(𝑡) is entering from the top boundary Γ𝑞. Lateral surfaces are 

adiabatic, while a heat transfer coefficient is applied on the bottom one Γc. So, the governing equations 

and related boundary conditions read as follows in eq. (4) and (5) respectively [8]: 

 

𝜌𝑐
𝜕𝑇

𝜕𝑡
= ∇ ⋅ (𝑘∇𝑇),  (1) 

 

{
−𝑘∇𝑇 ⋅ 𝑛 = 𝑞(𝑡), 𝑜𝑛 Γ𝑞 ,

𝑞𝑐(𝑡) = ℎ𝑐(𝑡)(𝑇 − 𝑇0), 𝑜𝑛 Γ𝑐 .
 (2) 

 

Heat flux time series is supposed to be known, while the heat transfer coefficient is unknown. It will be 

inferred by the DT-based on supervised learning or reinforcement learning approaches, as explained in 

sections 3 and 4. The computational domain and related boundary conditions are illustrated in Figure 1. 

In the absence of experimental data, the FEM model represents the physical system of the Digital Twin 

system, while the AI-based is its digital representation that has to control the physical twin. Second order 

finite elements and time discretization schemes are employed to numerically solve the present problem. 

 

 
 



 

 

 

 

 

 

Figure 1. Computational domain and boundary conditions. 

 

3.  Supervised Learning approach 

A Neural Network (NN) is used to the predict the heat transfer coefficient (label) from two inputs 

(features): the maximum temperature over the domain and the heat flux (see Figure 2). For reducing 

computational costs, the database that correlates the three quantities has been derived from steady-state 

simulations. In such an approach, three different steps can be identified: 

- Dataset preparation (steady-state FEM simulations); 

- Training, validation and testing of the Neural Network to correlate the maximum temperature, 

heat flux and heat transfer coefficient; 

- The coupling between the transient FEM simulation and the NN and its test in an unseen 

(unsteady) scenario. 

 

The dataset includes ten thousand results of numerical simulations in terms of random combination 

of heat transfer coefficient and heat flux boundary conditions. After dataset generation, the NN is trained 

and then is coupled to the unsteady FEM model. The coupling is made every 100 time-steps, and the 

heat transfer coefficient is constant with the time between two consecutive calls of the trained NN. The 

NN trained with steady-state data is used to control a transient thermal system, as steady-state data can 

establish an effective relationship between the heat transfer coefficient, heat flux, and maximum 

temperature. This approach significantly reduces computational costs in dataset generation and DT 

training. The key idea is that, even though the actual system is transient, the fundamental relationships 

between these physical quantities can be learned from steady-state data and applied to the transient 

system for controlling purposes. Furthermore, the heat transfer coefficient calculated by the DT is based 

on the maximum recorded heat flux during a time interval and will therefore be higher than that produced 

by a DT trained with transient data. This strategy, along with the use of a safety factor for the maximum 

temperature, enables effective temperature control in transient thermal systems, despite being trained on 

steady-state data. More details about the neural network architecture, the dataset, and the digital 

twinning structure can be found in ref. [9]. 

 

 

 

Figure 2. DT based on supervised learning. 



 

 

 

 

 

 

 

4.  Reinforcement learning approach 

Reinforcement Learning (RL) operates within the framework of Markov Decision Processes, where 

an agent interacts with an environment by taking actions based on observations and receives rewards as 

feedback. The environment's state evolves in response to the agent's actions, and the agent's goal is to 

learn a policy that maximizes cumulative rewards over time. In this context, the action is the heat transfer 

coefficient, while the observations are the instantaneous heat flux and the maximum temperature (the 

state of the environment). The flow-chart of a typical RL-based approach is presented in Figure 3. 

Unlike the previous approach, AI and FEM are now tightly integrated and interconnected from the 

very beginning. Proximal Policy Optimization (PPO) is a popular RL algorithm that addresses the 

challenge of learning effective policies in complex environments. PPO aims to improve policy iteration 

by optimizing a surrogate objective function, which approximates the policy's performance and ensures 

stable training [10]. The RL agent’s policy and value functions are approximated by a neural network 

with two hidden layers, each containing 64 neurons using rectified linear unit activations. The input 

layer processes a two-dimensional state consisting of the instantaneous heat flux and the domain’s 

maximum temperature. A single continuous output action represents the heat transfer coefficient 

constrained to lie within the range [1, 15], thereby controlling the cooling process in order to keep 

maximum temperature within acceptable limits. An episode is defined to last a total 30 s with 900 

timesteps per episode. At each step, the agent observes the current, selects an action and receives a 

reward based on how close the maximum temperature is to the target threshold. We train for a total of 

106 timesteps, using a learning rate of 10−4, a discount factor γ=0.99 a Generalized Advantage Estimator 

parameter λ=0.95. The clipped surrogate objective in PPO manages policy updates to stabilize training 

and promote efficient exploration. The reward function plays a crucial role in guiding the agent's 

behaviour towards achieving the desired objectives. By appropriately designing the reward function, 

such as penalizing deviations from desired temperature thresholds and rewarding actions that lead to 

effective heat transfer coefficients, the agent can learn to optimize the heat transfer coefficient and 

control the maximum temperature effectively. In practical terms, we consider three different scenarios 

for the proposed transient thermal system. In the first case, we apply a positive reward equal to 1 in case 

the distance between the maximum temperature and the threshold value is less than one (equation 3a). 

In the second case, if the maximum temperature overcomes the limit value, a negative reward (penalty) 

is given, proportional to their difference. However, the penalty is mitigated by the heat transfer 

coefficient to inform the agent that higher heat transfer coefficients have a beneficial effect in reducing 

the maximum temperature (equation 3b). Finally, if the maximum temperature is less than the threshold 

value (but more than 1), we assign a positive reward equal to 1, with an attenuation term which increases 

with the increase in the heat transfer coefficient (equation 3c). This is to inform the agent that a lower 

heat transfer coefficient may be explored to optimize the cooling effect. The calibration/scaling terms 

in the equation (3) are introduced in the user defined reward function by trial and error to take into 

account the different range of variations for the temperature and heat transfer. The value of the 

coefficient of the logarithmic function including the heat transfer coefficient in equation (3a) is higher 

the coefficient in (3b) because a more importance is given to stay below the threshold value maximum 

temperature. A similar reward function (without taking into consideration the heat transfer coefficient) 

for the optimization of thermal management of a battery can be found in ref. [11]. 

 

𝑟𝑒𝑤𝑎𝑟𝑑 = {

1 (𝑎),
− |𝑇𝑚𝑎𝑥 − 𝑇𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑| ⋅ 0.06 + 0.07 ⋅ log(ℎ𝑐 + 1) (𝑏),

  1 − 0.01 ⋅ |𝑇𝑚𝑎𝑥 − 𝑇𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑| − 0.05 ⋅ log(ℎ𝑐 + 1) (𝑐).
 (3) 

 

 



 

 

 

 

 

 

 
 

Figure 3. DT based on reinforcement learning. 

 

5.  Results and discussion 

To make a fair comparison between the two approaches, the same transient heat flux as boundary 

condition is adopted. A baseline sinusoidal distribution is chosen with some random noise on both 

amplitude and offset of the function, as follows: 

 

𝑞(𝑡) = 𝐴0(𝑡) + 𝐴1(t) [sin (
2𝜋𝑓

30
𝑡) + 1],   (4) 

 

where 𝐴0, 𝐴1 vary randomly between [0, 70] and [0,30] respectively at every time step and 𝑓 = 1/30. 

Such a function allows the agent to have a complete picture of the possibles trends of the heat flux in 

the 0-100 range. 

In the supervised learning approach, after the dataset is built and the NN is successfully trained, 

validated and tested, a correlation between heat transfer coefficient, maximum temperature and heat flux 

is available, as shown in Figure 4 which presents the FEM results in terms of the maximum temperature 

versus the heat transfer coefficient for three different heat fluxes. Every 9 time steps, this correlation is 

invoked to calculate the heat transfer coefficient that is needed to solve the transient FEM problem. The 

inputs of the NN are the maximum heat flux over a previous interval and the threshold temperature, 

fixed at 100. The results of this approach are shown in Figure 5. It can be noted that maximum 

temperature is always drastically lower than the fixed threshold value. The reason is behind the 

conservative choice of using a steady-state approach. It does not consider any delay effects in the 

temperature variation with the heat flux, that may lead to lower heat transfer coefficient.  

On the other hand, in the reinforcement learning-based control strategy, this phenomenon is intrinsically 

modelled as the training of the agent is made on the fly, on the purely transient data. The learning stopped 

once the cumulative reward function, described by the equation (3), has reached a plateau, as shown in 

Figure 6. In Figure 7, the trend of maximum temperature and heat transfer coefficient are plotted. It is 

clear that the thermal system reaches higher maximum temperatures compared to the previous approach, 

but always lower than the maximum allowed value. As a consequence, heat transfer coefficient values 

are significantly lower than the previous case. The drawback is the higher computational costs of RL-

based approach, given the coupled nature of the problem. Figure 8 compares the two maximum 

temperatures during the time for both approaches. 

 



 

 

 

 

 

 

 
 

Figure 4. Supervised learning approach: correlation between 𝑇𝑚𝑎𝑥, 𝑞, ℎ𝑐. 

 

 

Figure 5. Supervised Learning approach, results. 

 



 

 

 

 

 

 

 
Figure 6. Reinforcement learning approach: cumulative mean reward function. 

 

Figure 7. Reinforcement learning approach, results. 



 

 

 

 

 

 

 

Figure 8. Comparison between RL and SL in terms of maximum temperature. 

 

6.  Conclusions 

In this article, two approaches of digital twinning for transient thermal system are proposed. The 

problem to which the proposed approaches are applied is a 2D heat transfer problem, where the inward 

transient heat flux is known. The heat transfer coefficient has to be determined to allow a maximum 

temperature of the system below a threshold fixed value. The first one, based on Supervised Learning 

requires a dataset generation from steady-state FEM simulations. Then, a neural network is trained to 

correlate heat transfer coefficient, maximum temperature and heat flux. The third step regards the 

effective coupling between FEM simulation (the physical twin) and its digital replica to effectively 

control the physical system. On the other hand, the Reinforcement Learning approach requires the strong 

interaction between the environment (the FEM-based thermal simulation) and the action made by the 

agent (the heat transfer coefficient). The results, obtained with the same noisy sinusoidal heat flux 

boundary condition, show that in both cases the control is effectively working. In the first case, the 

maximum temperature is quite farther from the threshold value compared to the second approach. 
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