HIGH SCHOOL EDITION

@ Journal of Student Research

Volume 14 Issue 1 (2025)

Optimizing Thermal Control Systems in Space Craft
Using Machine Learning Algorithms: Increasing
Efficiency Through Artificial Intelligence

Annikka Xu

Westwood High School, USA

ABSTRACT

Thermal control systems in spacecraft are crucial in their role of maintaining operational performance and protecting
the sensitive equipment in the extreme thermal environments of space. These systems manage internal temperatures
of the spacecraft by preventing overheating or freezing of spacecraft components, which would harm the mission. As
modern space missions become more and more complicated, there is a need to optimize energy efficiency. Traditional
methods rely on fixed algorithms to regulate heat. However, the various thermal environments and requirements for
each mission require methods that are more adaptive and efficient. Recently, Artificial Intelligence has seen significant
advancements, which provides the opportunity to enhance the efficiency of these systems. Al-based techniques allow
for dynamic optimization that can adjust to the changing conditions in space and reduce the power consumption. The
goal of this study is to explore how the usage of Al can improve the energy efficiency of spacecraft thermal control
systems by optimizing heating power. Specifically, this research compares three Al algorithms—Gradient Descent,
Genetic Algorithm, and Reinforcement Learning—across four different spacecraft types: LEO satellites, Geostationary
Earth Orbit (GEO) satellites, Lunar Landers, and Deep Space Probes. By comparing heating power, speed of conver-
gence, and error in optimization, this paper seeks to answer the following question: How can space-related missions
improve energy efficiency and effectiveness through software that better manages thermal control systems in space-
craft?

Introduction

Thermal control systems in spacecraft are crucial in their role of maintaining operational performance and protecting
the sensitive equipment in the extreme thermal environments of space. These systems manage internal temperatures
of the spacecraft by preventing overheating or freezing of spacecraft components, which would harm the mission. As
modern space missions become more and more complicated, there is a need to optimize energy efficiency.

Traditional methods rely on fixed algorithms to regulate heat. However, the various thermal environments
and requirements for each mission require methods that are more adaptive and efficient. Recently, Artificial Intelli-
gence has seen significant advancements, which provides the opportunity to enhance the efficiency of these systems.
Al-based techniques allow for dynamic optimization that can adjust to the changing conditions in space and reduce
the power consumption.

The goal of this study is to explore how the usage of Al can improve the energy efficiency of spacecraft
thermal control systems by optimizing heating power. Specifically, this research compares three Al algorithms—
Gradient Descent, Genetic Algorithm, and Reinforcement Learning—across four different spacecraft types: LEO sat-
ellites, Geostationary Earth Orbit (GEO) satellites, Lunar Landers, and Deep Space Probes. By comparing heating
power, speed of convergence, and error in optimization, this paper seeks to answer the following question: How can
space-related missions improve energy efficiency and effectiveness through software that better manages thermal
control systems in spacecraft?
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Traditional Thermal Control Systems

Thermal control systems are crucial in ensuring spacecraft functionality by regulating the temperature of components
within a specific range despite extreme space conditions. Traditionally, this is achieved through both active and pas-
sive methods. Passive methods utilize design features and materials to regulate temperatures. The benefit is that these
methods are simple and therefore reliable, and also do not need power. However, they are less flexible in adjusting to
thermal conditions. Active methods, on the other hand, do require power and can allow for real-time adaptation, but
can be complicated and require a large amount of energy. Typically, active methods are combined with passive meth-
ods in order to balance efficiency and reliability with adaptability.

Commonly employed passive methods utilize multilayer insulation and thermal louvers. Multilayer insula-
tion contains many thin layers of reflective material, such as Mylar or Kapton, to create a thermal barrier. This protects
the spacecraft from radiation and excess heating of components. Thermal louvers close or open depending on the
temperature, and the orientation of its blades can control how much heat is emitted. Active methods that are typically
used include those that involve mechanical radiators and electrical heaters. The former utilizes adjustable radiators or
fans in order to dissipate heat, and can adapt its surface area or orientation in order to accommodate for changes in
conditions. The latter, on the other hand, is used for heating or maintaining components by converting electrical energy
into thermal energy, which is especially important in cold environments to ensure that operational temperatures are
maintained.

Optimizing of Thermal Control Systems Using Al

Even though traditional methods employed by thermal control systems are quite robust, there are several significant
challenges they face that hinder its performance. This includes the degradation of spacecraft components when ex-
posed to the harsh conditions in space. This is a result of factors such as ultraviolet radiation, atomic oxygen, and
temperature fluctuations, which negatively affects the properties of the materials, leading to decreased system perfor-
mance. Because of this, engineers often have to implement greater safety margins, which leads to heightened space-
craft weight, power consumption, and cost. Additionally, these systems are limited in their ability to adapt and respond
to dynamic space environments. Fixed techniques and slow response times hinders the system’s ability to manage
unexpected changes in temperature and resolve issues during the mission, therefore damaging the reliability of the
mission.

Current Issues

Artificial intelligence has introduced a new paradigm in the development of thermal control systems in spacecraft.
Models that utilize machine learning methods, particularly deep learning, possess great potential to significantly im-
prove the efficiency and reliability of these systems. Whereas traditional systems require physical knowledge and
multiple models to accommodate for the various environments in space, Al-driven systems provide a more flexible
solution that can be generalized to address many different circumstances. For instance, surrogate models using deep
learning can predict complex thermal behaviors, thereby increasing the efficiency of the system and reducing opera-
tional costs.

For instance, an approach involves the usage of Bayesian techniques in order to optimize deep neural net-
works, resulting in an improved computational efficiency one thousand times better compared to traditional tech-
niques. At the same time, accuracy rates remain high - over 99%. Additionally, due to the nature of machine learning,
models that utilize artificial intelligence have the capability to implement real-time optimization of thermal systems
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based on changing conditions experienced by the spacecraft. As a result, the need for design margins is reduced, which
allows for lighter and more cost-effective designs. A form of deep learning, known as transfer learning, utilizes pre-
trained models that enable quick adaptation to environmental changes with little additional data. These developments
demonstrate the ability and potential of Al to greatly improve predictive accuracy, mission reliability, system effi-
ciency, as well as lower operational costs.

Despite these advancements, the usage of artificial intelligence to design thermal control systems still re-
quires further development. As of right now, systems that utilize machine learning are still in the research and exper-
imental phase, and are not implemented in spacecraft. However, it demonstrates significant potential to greatly ad-
vance thermal control systems in spacecraft and boost its capabilities.

Data

The following parameters used in the thermal control system simulation were chosen based on their relevance to
thermal behavior in spacecraft. The parameters for each type of spacecraft are outlined in Table 1.

Dry Mass: The mass of the spacecraft excluding its propellant.

Specific Heat Capacity: The heat that can raise the temperature of one unit of mass of the spacecraft by 1 °C.

Initial Temperature: The temperature at the start of the simulation.

Desired Temperature: A temperature that fits into the operating temperature of the spacecraft.

Heat Flux: The rate of heat transfer to the spacecraft, largely dependent on solar radiation, thermal cycling,
and environmental factors.

Surface Area: The spacecraft’s exposed area, which affects heat absorption and emission.

Albedo Coefficient: The value that indicates how much solar radiation is reflected off the spacecraft.

Thermal Emissivity: The measure of how well the spacecraft emits thermal radiation.

Internal Heat Generation: Heat produced internally by electronics and other components.

Battery Capacity: The available power supply for heating and other mission-critical systems.

Table 1. Key Parameters for Thermal Control Systems in Spacecraft

Low Earth Orbit (LEO) Geostationary Deep Space
Parameters Satellites Satellites Lunar Landers Probes

Dry Mass (Kg) 400 2500 2500 800
Specific Heat (J/kg. K) 900 900 900 900

Initial Temp (°C) -50 -110 -120 -150
Desired Temp (°C) 25 30 16 15
Heat Flux (W/m”2) 900 1000 1200 50
Surface Area 50 6.00E+01 30 15
Time Step 0.1 0.1 0.1 0.1

Simulation Time 2000 3500 5000 7000
Albedo Coefficient 0.28 0.2 0.15 0.1

Thermal Emissivity 0.85 0.8 0.75 0.85
Internal Heat Gen (W) 200 1000 100 300
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Battery Capacity (Wh) 2500 4000 6000 500

The values in the table above were chosen based on existing data and literature. For example, the dry mass,
specific heat, and heat flux values for Low Earth Orbit (LEO) satellites, Geostationary Satellites (GEO), Lunar
Landers, and Deep Space Probes were taken from NASA reports, scientific papers, and industry standards.

The initial and desired temperatures were selected based on the typical thermal environments in missions, as
well as conditions specific to each type of spacecraft.

The other parameters, such as surface area, albedo coefficients, and internal heat generation, were based on
thermal design references. This includesNASA's thermal control system guidelines and industry practices.

These values represent common spacecraft configurations, and ensure that the simulation accurately models
the requirements for thermal management in spacecraft.

Methods

Thermal Control System Model

In this study, the thermal control systems of four types of spacecraft, namely Low Earth Orbit (LEO) satellites, Geo-
stationary Satellites (GEO), Lunar Landers, and Deep Space Probes, were modeled in order to optimize the heating
power. By balancing the heat gain and loss due to environmental and internal factors, the thermal control system
maintains the spacecraft’s internal temperature within a desired range corresponding to its operating temperatures.
The parameters detailed in the above section were selected based on spacecraft design literature, and reflect realistic
conditions encountered during the missions.

The code in the simulations used Python, and for each spacecraft and algorithm, the number of iterations,
error, and final heating power was returned. This data was collected and analyzed in order to determine both the
efficiency and effectiveness of the different algorithms.

Simulation Process

For each spacecraft type, the temperature change over time was modeled using the following heat transfer equation:

_ anin — Qloss
mx*c

AT

AT: temperature change

Qgain: heat gained from heating power
Qloss: heat

m: dry mass

c: spacecraft materials specific heat capacity

The simulations were run during a fixed period that varied with each spacecraft and had a time step of 0.1
seconds. The heat flux and heating power were adjusted with each iteration to minimize the difference between the
current and the desired temperature of the spacecraft.

The following section of code demonstrates how the temperature was simulated:
def simulate_temperature(params, heater_power):

mass = params|["mass"]
specific_heat = params["specific_heat"]
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initial_temp = params|["initial_temp"]
surface_area = params["surface_area"]

time_step = params["time_step"]
simulation_time = params["simulation_time"]
internal_heat_gen = params["internal_heat_gen"]

#Initialize
temperature = initial_temp
time_points = int(simulation_time / time_step)

#Simulation for temperature over time

for _ in range(time_points):
# Heat gained from internal systems and the heater
heat_gain = (heater_power + internal_heat_gen) * time_step

# Heat lost to the environment
heat_loss = params["heat_flux"] * surface_area * time_step

# Update
temperature += (heat_gain - heat_loss) / (mass * specific_heat)

return temperature

Optimization Techniques

There were three machine learning algorithms used in this study so that the heating power required to arrive at the
desired temperature would be optimized with the smallest amount of energy consumption.

Gradient Descent: This technique iteratively modified the heater power at each time step depending on the
error, or the difference between the simulated and desired temperature The learning rate and tolerance selected made
sure that the simulation would converge after a reasonable number of iterations.

The update rule for the heater power was:

Heater Power = Heater Power - n-Error
n: learning rate
Error: difference between the simulated temperature and the desired temperature

The following piece of code demonstrates the structure of the gradient descent algorithm used for this paper:

def gradient_descent(params):
desired_temp = params|"desired_temp"]
heater_power = 100 # Initial guess
learning_rate = 0.01 # Step size
tolerance = 0.1

for iteration in range(10000):

# Simulate temperature with current heater power
final_temp = simulate_temperature(params, heater_power)
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error = final_temp - desired_temp

if abs(error) < tolerance:
break

# Update heater power using gradient descent
heater_power -= learning_rate * error

return heater_power, iteration, error

Genetic Algorithm: A genetic algorithm generated random values for the heater power and iteratively se-
lected and combined the best solutions, allowing it to examine a larger solution space.
The following piece of code demonstrates the structure of the genetic algorithm used for this paper:
import random
def genetic_algorithm_optimize(params, population_size=50, generations=100):
# Initialize random values
population = [random.uniform(0, 20000) for _ in range(population_size)]

for generation in range(generations):
# Evaluate error for each value
fitness = [(simulate_temperature(params, hp) - params["desired_temp"])**2 for hp in population]

# Select the values with least error
sorted_population = [x for _, x in sorted(zip(fitness, population))]
population = sorted_population[:population_size // 2] # Keep the top half

# Crossover and mutation
offspring = [random.choice(population) + random.uniform(-500, 500) for _ in range(population_size // 2)]
population += offspring

# Return the best value
best_heating_power = min(population, key=lambda hp: abs(simulate_temperature(params, hp) - params["de-
sired_temp"]))

return best_heating_power
Reinforcement Learning: A simple reinforcement learning algorithm was implemented by rewarding the
agent (heater power) based on the error. The agent learned to adjust the heater power, maximizing the reward and

minimizing the temperature error throughout several iterations.
The following piece of code demonstrates the structure of the reinforcement learning algorithm used for this

paper:
import numpy as np

def reinforcement_learning_optimize(params, episodes=500):
heater_power = 100 # Initial
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learning_rate = 0.1
discount_factor = 0.9

for episode in range(episodes):
# Current temperature
current_temp = simulate_temperature(params, heater_power)

# Calculate error as the reward signal
reward = -(current_temp - params|["desired_temp"])**2

# Update
heater_power += learning_rate * reward

# Decay learning rate over time to stabilize
learning_rate *= discount_factor

return heater_power

Baseline Comparison

A heating power was calculated without optimization, and was used as a baseline to compare the results achieved by
the other algorithms. The baseline algorithm assumes a fixed value for heating power throughout the simulation, and
does not adjust it to minimize the error, even though that may not lead to energy-efficient or accurate outcomes.

The following code snippet demonstrates how the baseline heating power is calculated:
def baseline_heater_power(params):

mass = params["mass"]

specific_heat = params["specific_heat"]
initial_temp = params|["initial_temp"]
desired_temp = params|"desired_temp"]
simulation_time = params|["simulation_time"]
internal_heat_gen = params["internal_heat_gen"]

temp_difference = desired_temp - initial_temp

# Energy needed to reach desired temperature
energy_required = mass * specific_heat * temp_difference

# Calculating the power based on energy and simulation time
baseline_power = (energy_required / simulation_time) - internal_heat_gen

return baseline_power

Results

The main metrics evaluated were:
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- Heating Power (W): The amount of power required to maintain the spacecraft’s temperature.

- Number of iterations: The number of iterations taken for the Al algorithm to converge to an optimized value
for the heating power

- Error (°C): The difference between the simulated final temperature and the desired temperature.

A key outcome of this research was the reduction observed in heating power after implementing the machine
learning approaches as compared to the baseline algorithm. The heating power acquired from the baseline code was
significantly higher across almost all 4 types of spacecraft, which demonstrates the improvement in efficiency in using
an optimized heating power derived from Al-based methods.

The results are summarized in the tables below:

Table 2. Heating Power, Iterations, and Error for LEO Satellites

Method Heating Power (W) Iterations Error (°C)
Baseline 13,497.75 0 0.01
Gradient Descent 8,720.28 2,367 0
Genetic Algorithm 8,800.65 1,543 -0.05
Reinforcement Learning 8,900.45 4,032 0

Table 3. Heating Power, Iterations, and Error for GEO Satellites
Method Heating Power (W) Iterations Error (°C)
Baseline 89,998.29 0 0.02
Gradient Descent 14,329.91 4,872 0.01
Genetic Algorithm 14,500.22 2,087 -0.03
Reinforcement Learning 14,100.10 5,468 0

Table 4. Heating Power, Iterations, and Error for Lunar Landers
Method Heating Power (W) Iterations Error (°C)
Baseline 61,199.28 0 0.02
Gradient Descent 13,828.46 4,913 0.01
Genetic Algorithm 14,150.79 2,337 -0.04
Reinforcement Learning 14,300.55 5,842 -0.01

Table 5. Heating Power, Iterations, and Error for Deep Space Probes
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Method Heating Power (W) Iterations Error (°C)
Baseline 16,971.42 0 0.03
Gradient Descent 16,490.89 6,231 0.01
Genetic Algorithm 16,620.33 3,187 -0.07
Reinforcement Learning 16,550.78 7,113 -0.02

Analysis

The primary objective of this study was to examine how Al-based algorithms could improve energy efficiency and
effectiveness in spacecraft thermal control systems. The results clearly demonstrate that the implementation of ma-
chine learning techniques significantly reduce the heating power that is required to maintain optimal temperatures for
the spacecraft. Each type of the 4 spacecraft explored in this research - LEO Satellites, GEO Satellites, Lunar Landers,
and Deep Space Probes - demonstrated varying degrees of improvement when the different Al algorithms were im-
plemented. The following sections outline the performance of the three Al-based methods - Gradient Descent, Genetic
Algorithm, and Reinforcement Learning - in optimizing the thermal control systems in the 4 types of spacecraft.

LEO Satellites

For LEO Satellites, the Al-based algorithms greatly lowered the heating power when compared to the baseline method.
The 3 algorithms resulted in similar heating power, reducing the baseline value by about 35%. Although it had a
slightly greater error and heating power, the Genetic Algorithm was the most suitable option, as it had a faster con-
vergence compared to the other methods. This is because LEO satellites experience highly dynamic temperature fluc-
tuations, so the error from the Genetic Algorithm of -0.05°C can be considered negligible. Additionally, the slight
difference in heating power is relatively small, considering the frequent recharging through solar arrays of LEO sat-
ellites. LEO satellites experience rapid orbital cycling between sunlight and shadow, so the faster convergence of the
Genetic Algorithm provides a significant advantage for the spacecraft to adapt to the changing environments.

GEO Satellites

For GEO Satellites, the heating power was drastically reduced by the AlI-methods. Again, the 3 algorithms resulted in
similar heating power, reducing the baseline value by about 84%. Although it had a slower convergence, Reinforce-
ment Learning was the optimal method, as it reduced the heating power the most and had perfect precision with its
error of 0°C. Unlike LEO satellites, GEO satellites experience a relatively stable thermal environment outside of the
short eclipse periods. This decreases the need for quick adaptations in the thermal control system, making the increase
in iterations acceptable. For GEO satellites, energy efficiency is prioritized over time because energy is limited to
mainly solar arrays and batteries while it is in Earth’s shadow, so optimizing the energy maximizes the operational
longevity of the spacecraft.

Lunar Landers

For Lunar Landers, the Al-based algorithms greatly lowered the heating power when compared to the baseline method
by about 77%. Gradient Descent proved to be a strong candidate, as it resulted in the smallest heating power and error.
However, it had about 2,500 more iterations than the genetic algorithm. As a result, if time is a priority over energy

conservation, then Genetic Algorithm will likely be the better solution.
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Deep Space Probes

For Deep Space Probes, the heating power was only reduced by a comparatively small amount. This is because deep
space probes operate far from strong sources of solar radiation, leading to a significantly lower heat flux. Based on
the parameters used for this study, the heat flux of deep space probes is 50 W/m2, which is drastically smaller than the
values for the other spacecrafts, which were 900 W/m?2, 1000 W/m?2, and 1200 W/m? for LEO satellites, GEO satellites,
and Lunar Landers respectively. Heat flux indicates the amount of heat the spacecraft receives from its external envi-
ronment, meaning that deep space probes experience lower levels of external heat. Naturally, this limits the effective-
ness of optimization algorithms in further reducing the heating power. Additionally, the stable thermal environment
of deep space probes means that the baseline system is already close to optimal, so the Al-based algorithms have less
impact on the results.

Across all spacecraft types excluding deep space probes, the implementation of Al-based algorithms led to
substantiation reduction in heating power requirements. The results also demonstrated that different algorithms may
perform better depending on the spacecraft type and mission.

To summarize, Gradient Descent provided the lowest heating power and error across almost all types of
spacecraft. However, it also resulted in a higher number of iterations, which is not optimal in missions in which rapid
adaptation is a greater priority. As a result, Gradient Descent is the most effective solution for spacecraft surrounded
by stable environments and that prioritize energy efficiency. The Genetic Algorithm tended to balance convergence
speed and power consumption. It required less iterations than Gradient Descent, but also generally had a larger error.
This makes it optimal for missions that prioritize rapid adaptation and can accept the small error and slightly higher
heating power. Finally, Reinforcement Learning resulted in precise outcomes and moderate heating power reductions,
but a lower convergence speed. Therefore, this algorithm suits missions where it is acceptable to exchange additional
computation time for precision.

Conclusion

The results of this study demonstrate the effectiveness of Artificial Intelligence in increasing energy efficiency of
spacecraft thermal control systems. By optimizing the heating power, the spacecraft is able to conserve energy, which
leads to enhanced mission longevity, improved system reliability, and overall operational efficiency. The reduction of
energy demands is particularly crucial for long-duration missions where power is a limited source. Greater energy
efficiency decreases the dependency of onboard power systems, which includes solar arrays and batteries, which al-
lows spacecraft to function at optimal temperatures even in extreme or fluctuating thermal environments.

Moreover, the decreased need for energy-intensive control systems can make more power available for other
components, such as scientific instruments or communications systems. It can also reduce risks, as systems optimized
with Al lower the chances that thermal imbalances could cause harm to sensitive onboard equipment.

The application of Artificial Intelligence in thermal control systems emphasizes the growing importance of
utilizing software and machine learning in space missions. Al improves energy consumption models and improves
efficiency, playing an important role in making space exploration more sustainable, reliable, and adaptable to the
growing complexity of mission environments. This research demonstrates the transformative potential of Al to not
only greatly improve spacecraft operations, but also address challenges in the broader aerospace industry, where in-
creasing energy efficiency is crucial to success of both current and future endeavors.

Limitations

While the usage of Al led to significant improvements in the energy efficiency of spacecraft and temperature control,
several limitations should be addressed:
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Fixed Temperature Values:

An important limitation of this study is the usage of fixed values for both the initial and desired temperatures,
even though spacecraft temperatures may vary throughout the different regions of the spacecraft. A more precise
model may have considered this by using temperature ranges instead. However, using ranges would have greatly
complicated the optimization process, as the algorithms would need to address many different possible temperature
values, which increases the difficulty of convergence and optimizing the power. This study chose to simplify the
process and maintain the focus on energy optimization through Al-based methods. Research in the future could ex-
amine how Al algorithms can manage this variability in temperature in order to construct more accurate simulations
and outcomes.

Larger Error with AI Algorithms: Another limitation is that the Al algorithms often resulted in slightly larger
temperature errors when compared to the baseline values. Future work could focus on improving these algorithms to
maintain the improvements in energy efficiency while also providing more accurate results.

Further Optimization: Hybrid approaches, such as those that combine the fast convergence speeds of Genetic
Algorithms with the precision of Gradient Descent, could lead to improved results. Furthermore, parameter tuning,
such as adjusting learning rates or mutation rates, could lead to improved results. Future studies could explore and
implement these techniques to allow for greater efficiency in more complicated spacecraft systems.
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