ﬂ applied sciences

Article

Heuristic Global Optimization for Thermal Model Reduction
and Correlation in Aerospace Applications

Jodo P. Castanheira >3(), Beltran N. Arribas "*3(, Rui Melicio >>4*(, Paulo Gordo 1

check for
updates

Academic Editor: Wei Huang

Received: 19 May 2025
Revised: 16 June 2025
Accepted: 18 June 2025
Published: 21 June 2025

Citation: Castanheira, J.P.; Arribas,
B.N.; Melicio, R.; Gordo, P; Silva,
A.RR. Heuristic Global Optimization
for Thermal Model Reduction and

Correlation in Aerospace Applications.

Appl. Sci. 2025,15,7002. https://
doi.org/10.3390/app15137002

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

and André R. R. Silva 2

Laboratério de Instrumentagéo e Fisica Experimental de Particulas (LIP), Faculdade de Ciéncias,
Universidade de Lisboa, Campo Grande 16, 1749-016 Lisboa, Portugal; jpccastanheira86@gmail.com (J.P.C.);
bnarribas@gmail.com (B.N.A.); paulo.gordo@synopsisplanet.com (P.G.)

Associate Laboratory of Energy, Transports and Aerospace (LAETA)/Aeronautics and Astronautics Research
Center (AEROG), Universidade da Beira Interior, 6201-001 Covilha, Portugal; andre@ubi.pt

Synopsis Planet, Advance Engineering Unipessoal LDA, Faculdade de Ciéncias, Universidade de Lisboa,
Campo Grande 16, 1749-016 Lisboa, Portugal

Associate Laboratory of Energy, Transports and Aerospace (LAETA)/Instituto de Engenharia Mecéanica
(IDMEC), Instituto Superior Técnico, Universidade de Lisboa, 1049-001 Lisboa, Portugal

Correspondence: ruimelicio@gmail.com

Abstract

This study addresses the challenge of accurately correlating detailed and reduced thermal
models in aerospace applications by using heuristic global optimization methods. In the
context of increasingly complex thermal systems, traditional manual correlation methods
are usually a time-consuming task. This research employs a series of numerical simulations
using methods such as Genetic Algorithms, Cultural Algorithms, and Artificial Immune
Systems, with an emphasis on parameter tuning to optimize the reduced thermal model
correlation. Results indicate that these heuristic methods can achieve high-accuracy corre-
lations, with transient simulations exhibiting temperature differences below 3 °C, thereby
validating the hypothesis that heuristic methods can effectively navigate complex parame-
ter optimizations. Moreover, a comparative analysis of fitness function performance across
various optimization methods underscores both the potential and computational challenges
inherent in these approaches. The findings suggest that while heuristic global optimiza-
tion provides a robust framework for thermal model reduction and correlation, further
refinement—particularly in scaling to larger, more complex models and adaptive parameter
tuning—is necessary. Overall, this work contributes to the theoretical understanding and
practical application of advanced optimization strategies in aerospace thermal analysis,
paving the way for improved predictive reliability and more efficient engineering processes.

Keywords: heuristic global optimization; thermal model reduction; thermal model correla-
tion; genetic algorithms; artificial intelligence; aerospace thermal analysis; optimization
parameter tuning; decision support algorithms

1. Introduction

Thermal model reduction and test data correlation are vital for developing aerospace
systems, ensuring that simulation models accurately predict flight conditions. Tradition-
ally, these tasks have been handled manually, a process that is both time-consuming and
prone to error—especially under the tight schedules typical of final flight predictions. The
complexity of these thermal models, characterized by numerous parameters and nonlin-
ear behaviours (notably due to radiation effects), challenges conventional optimization
methods, which were designed for simpler, linear problems.
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Model reduction involves breaking down a detailed thermal mathematical model
into specific node categories: kept nodes (essential for control and accuracy), suppressed
nodes (with minimal impact), and grouped nodes (condensed for simplification). Each
step of the reduction is verified through defined test cases, ensuring that adjustments do
not compromise model integrity. However, a significant hurdle is the prevalence of local
optima in global optimization. Traditional algorithms, such as gradient-based methods, can
prematurely converge on suboptimal solutions. In contrast, global search techniques—like
Genetic Algorithms, simulated annealing, and hybrid approaches combining broad explo-
ration with local refinement—can more effectively navigate complex search spaces.

The objective of this study is to evaluate heuristic global optimization methods, par-
ticularly continuous techniques, for enhancing thermal model correlation in aerospace
applications. By identifying more efficient optimization strategies and developing sup-
portive software tools, the research seeks to reduce manual intervention, improve model
accuracy, and ultimately contribute to more reliable flight predictions and increased mis-
sion success.

This article employs the PRISMA methodology to guide the literature review process.
The review begins with a standard literature review (see Section 2), followed by a systematic
review incorporating bibliometric considerations (Section 2.1). Subsequently, the research
questions are defined (Section 2.2), the inclusion and exclusion criteria are established
(Section 2.3), the data extraction methods are described (Section 2.4), and the final analysis
is presented (Section 2.5).

An application case is then presented (Section 3), demonstrating thermal model re-
duction and correlation. A detailed thermal mathematical model (DTMM) and a reduced
thermal mathematical model (RTMM) are developed for a simple aerospace instrument.
Thermal model reduction, as defined in the ECSS standard [1], is essential in aerospace
engineering due to frequent model exchanges throughout a project’s lifecycle. Subsystem
developers often provide models for system model integration. When multiple teams con-
tribute to a system-level model, controlling complexity is vital to avoid excessive size and
overhead. Although modern tools offer high computational power, thermal analyses still
involve repeated runs for sensitivity studies, test correlation, and design validation. Thus,
model simplification remains necessary. The goal is to produce a RTMM that replicates the
DTMM'’s input/output behaviour with minimal loss of accuracy. While RTMMs improve
efficiency, some accuracy is sacrificed. Often, recipients only require thermal behaviour
at interfaces rather than detailed internal distributions. A typical acceptable deviation
between DTMM and RTMM is 2 °C to 3 °C, which in many cases is a challenge to meet and
often requires significant correlation effort.

The results section (Section 4) is organized to illustrate the evolution of the reduction
and correlation process through the application of various heuristic methods. Initially, a
comparison between the DTMM and an uncorrelated RTMM is provided (Section 4.1). This
is followed by an examination of the application and optimization of different heuristic
methods. Finally, a benchmark of these methods is presented (Section 4.2), demonstrating
the performance improvements achieved when a proper correlation process is applied to
the reduced thermal model is presented (Section 4.3.3).

A discussion and conclusion are provided in Section 5 and Section 6, respectively.
These sections interpret the results, offer future recommendations, summarize key findings,
and highlight the significance of this study for the aerospace industry.

2. Literature Review

Heuristic global optimization methods have found increasing application in the re-
duction and correlation of thermal models within the aerospace industry. Many engineers
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have employed these methods, often in-house, to address complex thermal modelling
problems in spacecraft design. A notable example of this utilization is the work carried
out by Airbus Defence and Space (formerly EADS Astrium), which was presented at an
ESA conference [2]. In this research, Frederic Jouffroy of EADS Astrium, along with Jean-
Marc Alliot, Nicolas Durand, and David Gianazza from the Laboratoire d’Optimisation
Globale, applied a Genetic Algorithm (GA) [3] to address challenges in thermal model
correlation [2,4-6]. This work focused on optimizing the correlation process, which aims to
minimize the differences between theoretical model predictions and test measurements.
The results demonstrated that GAs could effectively correlate multiple test cases (e.g., hot,
cold, operational, and non-operational scenarios) by adjusting the fitness function. The
correlation process typically required 2000 to 4000 iterations, achieving temperature differ-
ences of less than 0.1 °C between models, which is considered highly accurate. However,
the implementation of GAs was acknowledged as a complex programming challenge. A
robust bibliographic review accompanied this study, comparing various heuristic methods,
including their advantages, disadvantages, and model characteristics [7,8]. The authors
also suggested that other heuristic algorithms, beyond the GA used in the study, should be
tested in the thermal model correlation process [2]. The evolution of heuristic optimization
methods in thermal model correlation over the years shows that several researchers have
employed heuristic methods for thermal model reduction and correlation. The earliest
study in this review, conducted by Harvatine et al. (1994) [9], explored the use of determin-
istic design sensitivity and optimization techniques. These methods, primarily gradient
based, were efficient for simpler models but struggled with complex, nonlinear systems
common in spacecraft thermal analysis, often getting trapped in local optima. By 2005,
the limitations of deterministic approaches led to the exploration of stochastic techniques.
Mareschi et al. (2005) [10] introduced stochastic methods, which do not rely on smoothness
or convexity in the model, making them more adept at navigating complex, nonlinear
search spaces. However, the increased computational cost of these methods remained
a significant challenge, particularly for large datasets. In 2007, Jouffroy and Durand [2]
further advanced the field by applying Genetic Algorithms (GAs) to spacecraft thermal
model correlation. GAs, as stochastic optimization methods, proved to be highly effec-
tive in exploring nonlinear, non-convex problems typical of thermal models. However,
they required significant computational resources and careful parameter tuning, which
introduced additional complexity, particularly in time-constrained projects. The flexibility
of GAs in thermal modelling was further reinforced by Momayez et al. (2009) [11], who
applied them to optimize heat transfer on concave surfaces. Despite their effectiveness,
the trade-off between computational efficiency and algorithmic complexity remained a
key concern, with parameter tuning continuing to be a critical factor in ensuring optimal
performance. In 2011, Cheng et al. [12] introduced a Monte Carlo hybrid algorithm that
combined the robustness of Monte Carlo simulations with deterministic methods. This
hybrid approach effectively handled uncertainty in thermal models but came at the cost
of increased computational demand, limiting its practicality for large-scale or real-time
applications. De Palo et al. (2011) [13] also examined deterministic methods for spacecraft
thermal models, concluding that while faster, these methods were insufficient for handling
the nonlinearities prevalent in modern spacecraft systems. By 2012, Beck et al. [14] had
introduced Adaptive Particle Swarm Optimization (APSO) as an alternative to traditional
methods, the original Particle Swarm Optimization (PSO) [15]. This approach dynamically
adjusted parameters to improve search efficiency in nonlinear spaces. However, despite
improvements in convergence times, slow convergence in complex thermal models per-
sisted, making APSO less applicable to real-time scenarios. Van et al. (2013) [16] expanded
on evolutionary algorithms for correlating thermal balance test results with mathematical
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models. These algorithms, like GAs, excelled at finding global optima but required sig-
nificant computational resources and parameter tuning. Similarly, Klement (2014) [17,18]
explored Quasi-Newton algorithms from the Broyden class [19], which offered faster con-
vergence with fewer iterations. However, these methods still struggled with the non-convex
nature of most thermal models, limiting their application to simpler problems. In 2017,
Anglada et al. [20] conducted a comparative study of gradient-based methods and GAs,
concluding that GAs were more suitable for non-convex, nonlinear problems typical of
spacecraft thermal models. Gradient-based methods, while faster, were less effective in
complex scenarios. Garmendia and Anglada (2016) [21] continued to explore GAs in space-
craft thermal model correlation, particularly in experiments on the International Space
Station. Their 2022 study [22] further demonstrated the robustness of GAs, even under
measurement uncertainty, though at the cost of increased computational demand. In 2023,
Kang et al. [23] introduced a hybrid method combining Multiple Linear Regression (MLR)
with optimization algorithms, which improved computational efficiency by reducing the
dimensionality of the problem. This method achieved faster convergence but remained less
effective in highly nonlinear systems. Later in the same year, Kim et al. [24] presented a Ge-
netic Algorithm-Based Multi-Objective Optimization, which allowed for the simultaneous
optimization of multiple objectives, such as reducing error and computational time. While
promising, this method introduced additional computational complexity and required
careful management of trade-offs between objectives. The evolution of optimization algo-
rithms for thermal model correlation reflects the growing complexity of spacecraft thermal
systems. Deterministic methods, such as gradient-based and Quasi-Newton algorithms,
are computationally efficient but struggle to handle nonlinear problems, often yielding
suboptimal solutions. In contrast, stochastic methods, particularly Genetic Algorithms
(GAs) [3] and Particle Swarm Optimization (PSO) [15], are more effective at navigating
complex, nonlinear, and non-convex search spaces, finding global optima where deter-
ministic methods fail. However, stochastic methods incur significant computational costs,
necessitating careful parameter tuning to ensure convergence. Hybrid approaches, such
as combining Multiple Linear Regression (MLR) with optimization algorithms, attempt to
improve efficiency without sacrificing accuracy, though their effectiveness in highly nonlin-
ear problems remains limited. In summary, while no single optimization method offers a
comprehensive solution for spacecraft thermal model correlation, Genetic Algorithms have
consistently proven to be among the most robust for handling these complex problems.
With advances in computational power, hybrid methods and multi-objective optimization
techniques are emerging as promising approaches, offering a balance between accuracy,
efficiency, and flexibility.

2.1. Brief Bibliometric Considerations

The state of the art above attempts to systematically gather, analyse, and summarize
information in order to understand what global optimization methods have been used
on the aerospace industry. Based on the previous literature review articles, we decided to
perform a search in four databases: ScienceDirect, B-On, IEEE Xplore, and Scopus. The
PRISMA methodology [25] used for the review followed the systematic review guidelines
proposed by [26,27] and the systematic review on energy management systems by [28-30].
The checklist considered to carry out the systematic review of pilots” mental health is shown
in Table 1 [25].
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Table 1. Systematic review checklist.
Section and Topic Item # Checklist Item Location
TITLE
Title 1 Identify the report as a systematic review Page 1
ABSTRACT
Abstract 2 Provide a structured summary Page 1
INTRODUCTION
Rati Describe the rationale for the review in the context of existing .
ationale 3 Section 1
knowledge
Objectives 4 Proyide an explicit statement of the objective(s) or question(s) the Section 1
review addresses
METHODS
Eligibility criteria 5 Spec'ify the inclusion and exclusion criteria for the review and how Section 2
studies were grouped for the syntheses
Specify all databases, registers, websites, organizations, reference
Information sources 6 lists, and other sources searched or consulted to identify studies; Section 2.2
specify the date when each source was last searched or consulted
Search strategy 7 Prese'nt the full §earch st}"ategies fqr a.ll databases, registers and Section 2.1
websites, including any filters and limits used
Specify the methods used to decide whether a study met the inclu-
sion criteria of the review, including how many reviewers screened
Selection process 8 each record and each report retrieved, whether they worked inde- Section 2.3
pendently, and if applicable, details of automation tools used in
the process
Specify the methods used to collect data from reports, including
how many reviewers collected data from each report, whether
Data collection process 9 they worked independently, any processes for obtaining or con- Section 2.4
firming data from study investigators, and if applicable, details of
automation tools used in the process
List and define all outcomes for which data were sought; specify
whether all results that were compatible with each outcome do- Section 2.3
Data items 10a main in each study were sought (e.g., for all measures, time points, Section 2.4
analyses), and if not, the methods used to decide which results to
collect
List and define all other variables for which data were sought .
10b (e.g., participant and intervention characteristics, funding sources); gectmn 2.3
- . - ection 2.4
describe any assumptions made about any missing or unclear
information
RESULTS
Describe the results of the search and selection process, from the
Study selection 16a number of records identified in the search to the number of studies ~ Section 2.5
included in the review, ideally using a flow diagram
Section 2
Study characteristics 17 Cite each included study and present its characteristics Section 2.6
DISCUSSION
Discussion 23a Provide.a general interpretation of the results in the context of Section 5
other evidence
OTHER INFORMATION
Support 25 Describe sources of financial or non-financial support for the re- Funding
view and the role of the funders or sponsors in the review
Competing interests 26 Declare any competing interests of review authors Col
Report which of the following are publicly available and where
Availability of data, code, 7 they can be found: template data collection forms; data extracted References
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The flow diagram considered to carry out the systematic review of heuristic methods
is shown in Figure 1 [25].

[ Identification of studies via databases and registers ] [ Identification of studies via other methods
= Records identified from: Records removed before screening: . e Ao
2 -Databases (n=4) -Duplicate records removed (n =24) Rec?‘fvd Sbl:ilfnhgejoﬁom (n =42
8 -Register (n =197) -Records marked as ineligible by N ebsites (n =0)
& —» . - > -Organizations (n = 8)
£ automation tools (n =0) -Citation searching (n =31)
s Records identified from: -Records removed for other reasons “Books (n = 3) &
= -Registers (n=173) (n=0)
R l
Records screened ) Records excluded(n = 107)
(n=173) -Wrong study (n =107)
Reports sought for retrieval Reports not retrieved excluded
2 (n=66) »| (n=32)
- -Wrong Method fudaments (n = 32)
@
&
@
A 4
Reports excluded:
Reports assessed for eligibility ) -Criteria 1 (n =8)
(n=34) -Criteria 2 (n =2)
See paper for details
—
A 4
< . . -
s Full-text include in quantitative
s synthesis (meta-analysis)
E (n=24)

Figure 1. Flow diagram for the systematic review.

2.2. Research Questions

¢  RQ1: How do various heuristic methods (e.g., Genetic Algorithms, Particle Swarm
Optimization, Adaptive PSO, etc.) compare in performance when correlating reduced
thermal mathematical models in spacecraft design?

¢ RQ2: How does parameter tuning influence both the convergence rate and overall
performance of heuristic algorithms in thermal model correlation?

¢ RQB3: How do different heuristic methods perform when applied to the reduction of
thermal models with varying complexity (e.g., simple vs. complex models)?

From these questions, the search terms used in Table 2 were found, with the re-
sults shown.

Table 2. Terms used in the databases.

Database Search Terms Query Results Date
“Thermal Mathematical Model”
ScienceDirect AND “Correlation” AND “reduced” 51 5 January 2025

AND “algorithm”
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Table 2. Cont.

Database Search Terms Query Results

Date

“Thermal Mathematical Model”
AND “Correlation” AND
“reduced” AND “algorithm”
(“All Metadata”:Thermal
B-On Mathematical Model) AND 70
(“All Metadata”:Correlation)
AND (“All Metadata”:reduced)
AND (“All
Metadata”:algorithm)

5 January 2025

(“All Metadata”:Thermal
Mathematical Model) AND
(“All Metadata”:Correlation)
AND (“All Metadata”:reduced)
AND (“All
Metadata”:algorithm)

IEEE Xplore

5 January 2025

“Thermal Mathematical Model”
Scopus AND “Correlation” AND 15
“reduced” AND “algorithm”

5 January 2025

Lit. Rev. Section 2 NA 42

5 January 2025

2.3. Criteria

Exclusion and inclusion criteria were applied to refine the selection of 24 papers from

the initial pool. The Rayyan tool was used to automatically detect articles that were either
partially or entirely (100%) duplicated. This tool allows for the removal of duplicates or the

retention of multiple copies if necessary.
Exclusion criteria are the following:

1.  Did not involve the direct application of heuristic methods for global optimization;

Were unrelated to the correlation of thermal models in the aerospace industry.

Inclusion criteria are the following:

1.  Focused on the reduction or test correlation of a thermal model;
Addressed aerospace thermal modeling;

3. Applied heuristic methods directly to the global optimization of the correlation process.

2.4. Data Extraction Method

1.  Identify which heuristic method was used on the test correlation or model reduction

case study, as well as when and where it was used (addressing RQ1);

2. Identify the fitness function equation used for test correlation or model reduction

(addressing RQ2);

3.  Identify the parameters tuning values used for test correlation or model reduction

(addressing RQ2);

4.  Identify if thermal model size is considered to be simple or complex (addressing RQ3).

2.5. Analysis

As shown in Figure 2a and Table 3, a total of N = 24 published documents (from jour-
nals and conferences) were identified between 2007 and 2024. Although only a few papers
were published in the early years, the number of publications has increased significantly

after 2022, indicating growing attention to the subject.
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The geographical distribution of these publications is illustrated in Figure 2b, with
Spain leading the contributions with nine publications, followed by China with four.

Regarding the methods implemented, Figure 2c shows that the N = 24 documents
employed a total of 28 methods (with some papers using more than one method) during this
period. Furthermore, when counting the number of publications per method, as depicted
in Figure 2d, Genetic Algorithms (M1) emerge as the most frequently used method with
10 publications, followed by the Gradient-based Algorithm (M2), as detailed in Table 4.

All these results, presented in Figure 2 and Tables 3 and 4, are outcomes of the PRISMA
systematic review discussed in the previous sections.

6 bl

5

0

Number of papers
[FEN

N
Number of papers
O = N W e Ul ® Y O

& S > S &
Y R

& & ¥ il &
2007 2009 2011 2012 2013 2014 2015 2016 2017 2018 2020 2022 2023 2024 KR ‘\’b‘\ O é\"’
& & & .
Year © (900 éé o;x“
o Journal Articles  m Conference Articles Country
(a) (b)

o

12

@

10

4
1
U I

2007 2009 2011 2012 2013 2014 2015 2016 2017 2018 2020 2022 2023 2024
Year

S

Number of papers
N oW

Number of papers
EN

M1 M2 M3 M4 M5 Mé M7 M8 M9 M10
EM1 M2 ®mM3 “M4 EM5 mM6 EM7 EMS8 EM9 mM10 Method
(c) (d)

Figure 2. Number of studies/publications of the systematic review: (a) total of N = 24 published
documents (journals and conferences) were identified between 2007 and 2024. (b) Geographical
distribution of the publications. (c) Methods implemented of the publications between 2007 and 2024.
(d) Most implemented method detailed in Table 4.

Table 3. Articles published in recent years (for N = 24 papers).

Year No. Articles Percentage
2007 1 4%
2009 1 4%
2011 2 8%
2012 1 4%
2013 1 4%
2014 2 8%
2015 1 4%
2016 1 4%
2017 1 4%
2018 1 4%
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Table 3. Cont.

Year No. Articles Percentage
2020 1 4%
2022 4 17%
2023 5 21%
2024 2 8%

Table 4. Most used methods (for N = 24 papers with 28 implementations; some papers have more
than 1 method implemented).

No.
M—Methods Implementations Percentage
M1—Genetic Algorithm 10 36%
M3—Monte Carlo 4 14%
M2—Gradient-based Algorithm 3 11%
M5—Broyden 2 7%
Mé6—TJacobian Propagation 2 7%
M7—Machine Learning 2 7%
M8—Adaptive Particle Swarm Optimization 2 7%
M4—Bayesian Algorithm 1 4%
M9—Conductance Matrix Fitting 1 4%
M10—Multiple Linear Regression 1 4%

2.6. Implementing Heuristic Methods

It was decided to compile an expanded list of heuristic methods to gain a more
comprehensive understanding of the topic addressed in this paper. This list was con-
structed by combining the heuristic methods referenced in the literature review presented
in Section 2 with selected methods from the PRISMA systematic review approach described
in Section 2.5. Since the global optimization methods applied to thermal models during the
reduction and correlation process are often difficult to understand or differentiate, given
that many papers do not clearly explain their underlying mechanisms, some methods were
excluded. Specifically, the Bayesian Algorithm, Conductance Matrix Fitting, and Jacobian
Propagation were omitted. In addition, the machine learning approach was excluded
because it is not strictly considered a heuristic method. Furthermore, certain methods
exhibit similarities (e.g., Gradient-based Algorithms and simulated annealing [31]) and
therefore simulated annealing is considered instead.

Table 5 below provides a summary, in table format, of only the heuristic methods. The
table lists each algorithm’s name, its source, the publication year, the adjustable parameters,
and references to thermal modelling studies that have employed the respective method.

As shown in Table 5, there are a 26 selected heuristic methods in this review table and
only 8 methods mentioned in the literature have been directly applied, leaving 18 without
any of mention of application in thermal model correlation or reduction. This means that
65% of the presented algorithms in Table 5 were never mentioned or used for thermal
model correlation or reduction purposes, leading into a big gap in knowledge which this
work wishes to address and solve. In this document, we addressed the study of how each
one of these global optimization methods in Table 5 performs against a thermal model
correlation and reduction process.
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Table 5. Summary of optimization algorithms, their parameters, and thermal modeling references.

NO

Algorithm

Year

Parameters Tuning

References

Quasi-Newton algorithms (Broyden
class) [19]

1965

1-Tolerance;
2-Max iterations.

[17,18,32]

Evolutionary Algorithms (EAs) [33]

1966

1-Population size;

2-N° generations;
3-Mutation rate;
4-Mutation magnitude.

NA

Evolutionary Strategies (ESs) [34]

1973

1-Population size;
2-N° generations;
3-Mutation strength.

NA

Genetic Algorithm (GA) [3]

1975

1-Population size;

2-N° generations;
3-Crossover rate;
4-Mutation rate;
5-Mutation magnitude.

[2,11,21,22,35-38]

Multiple Linear Regression (MLR) [39]

1981

1-Population size;
2-N° generations.

(23]

Simulated Annealing (SA) [31]

1983

1-Initial temperature;
2-Cooling rate;
3-Minimum temperature;
4-Max iterations.

[20,40]

Memetic Algorithms (MAs) [41]

1989

1-Population size;

2-N° generations;
3-Crossover rate;
4-Mutation rate;
5-Mutation magnitude.

NA

Tabu Search (TS) [42]

1989

1-Tabu tenure;
2-Max iterations.

NA

“Alienor” method [43]

1989

1-N° iterations;
2-Subdivision factor.

NA

10

Noising method [44]

1993

1-Population size;
2-N° iterations;
3-Noising rate;
4-Noise magnitude.

NA

11

Cultural Algorithms (CAs) [45]

1994

1-Population size;
2-Cultural population size;
3-N° generations;
4-Crossover rate;
5-Mutation rate;
6-Mutation magnitude.

NA

12

Particle Swarm Optimization (PSO) [15]

1995

1-Population size;

2-N° generations;

3-c1 (Cognitive coefficient);
4-c2 (Social coefficient);
5-w (Inertia weight).

[14,46]

13

Approximate Convex Underestimation
(ACU) [47]

1995

1-Population size;

2-N° generations;
3-Crossover rate;
4-Mutation rate;
5-Mutation magnitude.

NA
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Table 5. Continued

NO

Algorithm

Year

Parameters Tuning

References

14

Distributed Search (DS) [48]

1995

Distributed Search parameters:

1-N° agents;

2-Search space size.

Genetic Algorithm parameters (for each
agent):

3-Population size;

4-N° generations;

5-Crossover rate;

6-Mutation rate;

7-Mutation magnitude.

NA

15

Greedy Randomized Adaptive Search
Procedure (GRASP) [49]

1995

1-NP° iterations;
2-Alpha(Greediness-randomness control).

NA

16

Ant Colony Optimization (ACO) [50]

1996

1-N° ants;

2-N° iterations;

3-Evaporation rate;

4-Alpha (Influence of pheromone);
5-Beta (Influence of heuristic value).

NA

17

Differential Evolution (DE) [51]

1997

1-Population size;

2-N° generations;
3-Mutation factor;
4-Crossover probability.

NA

18

Artificial Immune Systems (AISs) [52]

1999

1-Population size;

2-N° generations;
3-Clone factor;
4-Mutation rate;
5-Mutation magnitude.

NA

19

Harmony Search (HS) [53]

2001

1-Harmony memory size;

2-Harmony memory consideration rate;
3-Pitch adjustment rate;

4-N° iterations;

5-Pitch adjustment magnitude.

NA

20

Multi-Objective Optimization
(GA-based) [24]

2001

1-Population size;

2-N° generations;
3-Crossover rate;
4-Mutation rate;
5-Mutation magnitude.

[24]

21

Estimation of Distribution Algorithms
(EDA) [54]

2001

1-Population size;
2-N° generations;
3-Sigma (Standard deviation for the Gaus-
sian distribution).

NA

22

“Cross-Entropy” method [55]

2004

1-Population size;
2-N° generations;
3-Elite fraction.

NA

23

Artificial Bee Colony (ABC)
Optimization [56]

2005

1-N° employed bees;
2-N° onlooker bees;
3-N° scout bees;
4-Max cycles.

NA

24

Monte Carlo hybrid algorithm [57]

2006

1-N° iterations;
2-N° samples;
3-Search radius.

[12,13,16,35]
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Table 5. Continued

NO

Algorithm

Year Parameters Tuning References

25

Cuckoo Search (CS) [58] 2009

1-Population size (Number of nests);

2-N° generations; NA
3-Pa (Probability of discovery of alien eggs);

4-Step size (Step size for Lévy flights).

26

1-N° particles;
2-N° iterations;
3-W max;

Adaptive Particle Swarm Optimization 2009 4-W min; [14,16]

(APSO) [46]

5-cl;
6-c2;
7-V max.

3. Heuristic Methods on a Simple Thermal Model Reduction
and Correlation
3.1. Reduction and Correlation Process

The application of a heuristic method for global optimization in the thermal model
reduction and correlation process is structured in two distinct phases, as illustrated in
Figure 3: Phase 1—Build Thermal Models and Phase 2—Global Optimization Loop.

Thermal Model Reduction and Correlation Process

Thermal Model
DTMM o Revision for o RTMM
v Reduction/ g
N Correlation

Phase 1 -
Build Thermal
Models

S~

Global Optimization
Heuristic Method

\{\

RTMM
Update
oy
Q
Q
—
=
o
3 g No Fitness Functi
s 3 ) itness Function | o
~ Validation
S
<
€
)

<>

Yes

Completed Model
Reduction

Figure 3. Workflow diagram of a heuristic methods on thermal model reduction and correlation.

In Phase 1, the process begins with the development of both the detailed thermal
mathematical model (DTMM) and the reduced thermal mathematical model (RTMM).
These models are created and arranged to enable comparison and correlation. An initial
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revision of the RTMM is conducted to prepare it for reduction and alignment with the
DTMM. Phase 2 encompasses an iterative global optimization loop aimed at minimizing
the discrepancy between the DTMM and RTMM outputs. A global heuristic optimization
method is applied to guide adjustments to the RTMM parameters. Each iteration involves
updating the RTMM, validating its performance through a comparison against the DTMM
using a fitness function, and checking whether the predefined convergence criterion is
met. This criterion—often referred to as a “fitness function” [2,4-6,14,17,20,59], “objective
function” [16,21,40], or “error function” [22]—quantifies the accuracy of the RTMM relative
to the DTMM. The loop continues until the fitness function indicates that the model meets
the correlation acceptance criteria. Once this condition is satisfied, the process concludes
with a validated and reduced thermal model.

Generally, this “fitness function” is defined as something similar to the root sum square
of all selected nodes between DTMM and RTMM. The equations are generally written as
follows [2,17,21]:

FFexample1 = Z (Totmm — TRTMM)Z, by Jouffroy (1)
nodes
FFexample2 = | Y (Tommm — Trrvm )*, by Klement )
nodes
1 Nmwe .
FFexample 3 = Neep Y |T;prmm — Tirvm|, by Garmendia )
i=1

where Ntgmp = Npodes X Niime steps-

These equations demonstrate that typical fitness functions evaluate root sum square
of differences between corresponding DTMM and RTMM nodes.

Once the fitness function between the DTMM and RTMM is defined, it implements
the heuristic loop method to iteratively optimize the adjustable parameters of the RTMM.

The process operates in a loop:

1.  Adjust the parameters by updating the RTMM;
Run thermal simulations for RTMM;
3.  Evaluate the fitness function.

This optimization is carried out using a heuristic method, such as a Genetic Algorithm,
simulated annealing, or other optimization techniques, as shown in Table 5. The goal is to
minimize the fitness function, ideally reducing it to zero, thereby achieving a high degree
of correlation between the DTMM and RTMM.

3.2. Simple Model—Thermal Mathematical Models

The thermal model represents an optical instrument mounted on an external panel
of a satellite operating in low Earth orbit (LEO). As shown in Figure 4a, the satellite is
depicted using a simple schematic for an external instrument configuration, orbiting the
Earth with a 90-min period. During its orbit, the satellite is exposed to solar radiation when
it is outside Earth’s shadow, while the external panel radiates heat into deep space and
exchanges thermal energy with the satellite’s internal components.

Figure 4b illustrates the instrument concept design. In this design, the Spacecraft
Platform Mechanical Interface is attached to Support Structure 1, which is connected to
Support Structure 2, which supports the Optical Instrument at its top. This generic configu-
ration was selected because it typifies the design commonly used for optical instruments
on satellites.
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External Q Support
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Spacecraft Platform
Mechanical Interface

(b)

Figure 4. Aerospace instrument concept design illustration: (a) orbit of a satellite with an external
instrument. (b) External instrument concept design where the Spacecraft Platform Mechanical
Interface is attached to Support Structure 1, which is connected to Support Structure 2, which
supports the Optical Instrument at its top.

Figure 5a,b present the Thermal Resistance Networks for the detailed thermal mathe-
matical model (DTMM) and the reduced thermal mathematical model (RTMM), respectively.
Although the DTMM shown in Figure 5a is already a simplified thermal model, it is still
referred to as the “detailed” model in this study because it serves as the reference for
evaluating the reduced model’s accuracy. As discussed in the Introduction (Section 1)
and similar to the approach by Klement [17], it is necessary to define both a reference
model (DTMM) and a reduced model (RTMM), where the RTMM has fewer nodes but still
captures the key thermal behaviour of the DTMM. Despite the simplicity of the DTMM,
the process of reducing and correlating the RTMM is difficult.

30
GL(20,30)

20
GL(10,20)

10

GL(0,10)

GL(30,31) GR(31,99) GR(30,99)

GL(2021)  GR(21,99) GR(20,99)

e r—— 10 b

GL(10,11)  GR(11,9) GR(10,99)

31 30

21
20

GL(10,20)

GL(0,10)

-

(@)

(b)

Figure 5. Thermal Resistance Networks for (a) detailed TMM; (b) reduced TMM.
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3.3. Mathematical Description

The two thermal models simulate transient temperature behavior under conductive,
radiative, and solar power inputs. The DTMM treats internal and surface nodes separately,
whereas the RTMM uses a lumped parameter approach by combining each internal node
with its corresponding surface node. The nodes considered are as follows:

e Internal Nodes: 10, 20, 30
e  Surface Nodes: 11, 21, 31

3.4. DTMM Equations
3.4.1. Internal Nodes (10, 20, 30)

The temperature evolution for the internal nodes is governed by conduction between
the ambient and neighboring nodes, as well as internal power input:

dTyo  GLo 10(To — Tho) + GL10_20(T20 — T10) + GL1g_11(T11 — T10) + Pro

— 4
dt mlo Cpsteel ( )
AT _ GLio_20(T1o — T20) + GL2g 30(T30 — T20) + GLag 21(T21 — Tao) + Pao 5)
dt mZO Cpsteel ’
dT30 _ GLyo 30(Tao — T0) + GL3o 31(T351 — T30) + Pso ©)
dt m30 Cpsteel ’

3.4.2. Surface Nodes (11, 21, 31)

The surface nodes experience both conduction from their associated internal nodes
and radiative heat transfer:

dTll GLlOJl(TlO - Tll) + UAH (Té9 - Tfl) + Pll,solar(t)

- 7

dt mi Cpaluminium ’ ( )
dTy  Glao21(Too —To) +0 Ay (T519 - Tfl) + Pai solar (£) .
dat - ma1 Cpaluminium ’ ( )
dty  Glaosi(Too —To) + 0 Az (T§9 - Téﬁ) + P31,s0ar () .
dt B msy Cpaluminium ’ ( )

3.5. RTMM Equations

In the reduced model, each internal-surface pair is lumped into a single effective node.
The energy balance for each lumped node incorporates both the conduction and radiative
terms, as well as the total power input.

3.5.1. Lumped Node 10-11

ATy GLo_10(To — T10) + GL10_20(T20 — T10) + Pig total + 7 A1o (ng - Tfo)

d , (10)
t mip Cpsteel + mi Cpaluminium

where
Py total = P10 + Prosolar (1), (11)
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3.5.2. Lumped Node 20-21
Ty GL10_20(T10 — T20) + GL20_30(T30 — T20) + Pao total + & A20 (Tég - Tfo) 12
dt B m20 Cpsteel + m21 Cpaluminium ’
with
Pao total = P20 + Pao solar (t), (13)
3.5.3. Lumped Node 30-31
dTs GLao_30(T20 — T30) + Ps total + 0 Az (Tég - T§0) 1
dt B m3o Cpsteel + m3q Cpaluminium ’
where
P3O,t0tal = P30 + PBO,solar(t>/ (15)

3.6. Solar Power Input

The solar power input at each node varies sinusoidally over time. The input for each

SpA;u . 27Tt
Pi,solar(t) = 0 1+ sin ’ (16)
2 Tday

where i = 11,21, 31 for DTMM and i = 10, 20, 30 for the RTMM.

node i is given by

3.7. Model Parameters
3.7.1. Physical Constants

e Stefan-Boltzmann constant: ¢ = 5.67 x 1078 W/m? - K*;
. Solar constant: Sg = 1361 W/ mz;

*  Solar absorptivity: « = 0.4;

*  Orbit period: Tqay = w s.

3.7.2. Node Masses and Specific Heat

*  Specific heat capacities: ¢y, .. = 900]/kg-K, cpg.q = 480]/kg-K;
*  Masses of the nodes: myg = mpg = mzg = 10.0kg, my; = my; = m3; = 1.0kg.

3.7.3. Thermal and Radiative Properties

e  Emissivities: €11 = 0.08, €1 = 0.05, €31 =0.10;

e Radiative areas: Aj; = Ay} = Az = 1.0m%;

¢ Thermal conductances: GLpjg = 005W/°C, GLigpp = 05W/°C,
GL20,30 = 0.05 W/OC, GL10,11 = GL20,21 = GL30,31 =25 W/OC,'

e  Satellite mechanical interface temperature: Ty = 25.0 °C;

*  Space radiative interface temperature: Tog = —270.0 °C.

A short summary of both thermal models, the DTMM considers separately the internal
nodes (10, 20, 30) and surface nodes (11, 21, 31), including both conductive and radiative
heat transfer. Regarding the RTMM, it combines each internal-surface node pair (10-11,
20-21, 30-31) into a single lumped node, simplifying the analysis while retaining the
essential thermal dynamics.

Both systems of ordinary differential equations (ODEs) can be solved numerically
(e.g., using odeint from the scipy library) to obtain transient temperature profiles.
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3.8. Global Optimization Method Implementation

To improve the thermal model correlation between the DTMM and RTMM,, it is
necessary to add adjustable variables”’KGL” and “KGR”, labelled as KGLg 19, KGLjg 20,
KGLy 30, KGR1g, KGRy, and KGR3, which are incorporated into the RTMM, as illustrated
in Figure 6.

30 o]
- GR(30,%9)
(20,30)
KGLu0 KGRs 99
20
GL(10,20) GR(20,99)
KGLio,20 KGR=
10
GLO10) GR(10,99)
KGLoo KGRuo
0

Figure 6. RTMM with adjustable variables “KGL” and “KGR”—resistance network.

To optimize these “KGL” and “KGR” values for achieving the lowest possible FF, a
heuristic global optimization method (as summarized in Table 5) must be implemented. By
refining these parameters, the RTMM can be correlated more closely with the DTMM.

The implementation of a global optimization method to optimize the “KGL” and
“KGR” variables in RTMM—namely,

KGLo10, KGLjg20, KGLyoz9, KGRjg, KGRy, and KGRsy,

is shown in Figure 6.

Each heuristic global optimization methods listed in Table 5 to determine which
approach is most effective for the Thermal Model Reduction and Correlation Process
between DTMM and RTMM. However, before directly comparing these methods, we first
need to adjust each method’s configuration “parameters” (e.g., population size, mutation
rate, initial temperature, cooling rate, etc.).

To that end, we used a Genetic Algorithm to optimize the parameters of each method
within a 20-generation loop, enabling stabilization of each method’s configuration param-
eters and thereby making them comparable. In each iteration of this 20-generation loop,
every method was run for 50 iterations/generations. Because running all methods for a
large number of iterations is time-consuming, 20 iterations/generations was selected as the
most balanced compromise. Consequently, each optimized algorithm was run for a total of
400 iterations/generations overall.

However, several methods were excluded from this benchmark for the following
reasons:

1.  Broyden: This method primarily depends on the “tolerance” and “Max Iterations”
parameters. The “tolerance” was already set to a very low value (~10~23), which is not
easily optimized. Additionally, “Max Iterations” must be set relatively high because
the method requires initializing a Jacobian matrix, making it more difficult to compare



Appl. Sci. 2025, 15, 7002

18 of 32

with other methods. However, this method could be revised and implemented in later
complex models.

2. Memetic Algorithm (MA): This algorithm is essentially based on the Genetic Algo-
rithm (GA), making it redundant to run separately.

3.  Distributed Search (DS): The DS method uses the GA as a baseline, adding parallel
agents to search for other local minima. Since the GA has already been analyzed, DS
was not implemented.

4. Multi-Objective Optimization (GA based): Although similar to the GA, this approach
requires more than one fitness function to be effective, which was beyond the scope
of this study.

5. Monte Carlo Hybrid Algorithm: This method proved to be significantly more time-
consuming than the others. One key limitation of the Monte Carlo approach is that
it lacks the adaptive learning mechanisms present in other optimization algorithms.
Instead, it performs a blind search around the current best solution using a fixed
“search radius” parameter. If this radius is too small, the method fails to explore
the solution space adequately, if it is too large, it often samples poor-quality regions,
reducing efficiency. An adaptive or dynamic adjustment of the search radius could
potentially improve performance, but due to constraints in computational resources
and time, it was not feasible to explore such enhancements or run the method for a
sufficient number of iterations to ensure convergence.

6. Machine Learning: Machine learning itself is not a heuristic global optimization
method, but it frequently employs such methods for optimization tasks; however it
will not be used in this study. This method will be implemented in future studies.

A total of 21 methods were optimized and compared, as shown in the following
sections.

4. Results
4.1. DTMM vs. RTMM: Without Correlation

All nodes are initialized at 25 °C. The simulation covers 24 h, divided into 5000 time
steps. The ODE system is solved using odeint from scipy.integrate. The simulation
was run on the SPYDER IDE using an AMD 5900X CPU with 64 GB of RAM.

The detailed TMM simulation results are presented in Figure 7a. This figure displays
the transient average temperatures (mass-weighted) for each node pair (e.g., 10-11, 20-21,
and 30-31) over a 24 h orbit. These results offer a comprehensive view of the system’s
thermal behaviour, emphasizing the dynamic interplay between conduction, radiation, and
solar input.

Despite the 90 min exposure to solar radiation during each orbital period, the nodes
ultimately reach equilibrium temperatures. Specifically,

¢ Nodes 10-11 stabilize at an average temperature of approximately 41 °C.
¢  Nodes 20-21 stabilize at an average temperature of approximately 80.25 °C.
¢ Nodes 30-31 stabilize at an average temperature of approximately 0 °C.

It is important to note that the temperatures shown in Figure 7a primarily reflect the
behaviour of Nodes 10, 20, and 30, which together account for 90% of the system’s total
mass (30 kg) relative to the overall system mass of 33 kg. This mass distribution naturally
causes the thermal characteristics of these nodes to dominate the system’s response.

The reduced TMM simulation results of the Simple Model are presented in Figure 7b.
This figure displays the transient temperatures for each node (e.g., 10, 20, and 30) over a
24 h orbit. These results offer a comprehensive view of the system’s thermal behaviour,
emphasizing the dynamic interplay between conduction, radiation, and solar input.
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Despite the 90 min exposure to solar radiation during each orbital period, the nodes
ultimately reach equilibrium temperatures. Specifically,

*  Node 10 stabilizes at an average temperature of approximately 34.31 °C.
*  Node 20 stabilizes at an average temperature of approximately 72.86 °C.
*  Node 30 stabilizes at an average temperature of approximately —1.41 °C.
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Figure 7. Simulation temperature results without correlation: (a) DTMM. (b) RTMM. (c) Difference
between DTMM and RTMM.

A comparison of the temperature results for Nodes 10, 20, and 30 between the detailed
and reduced TMMs is presented in Figure 7c.

Initially, both models start at the same temperature of 25 °C, as they share identical
initial conditions. As a result, the temperature difference between the detailed and reduced
TMMs is 0 °C at the start of the simulation (t = 0 s), as shown in Figure 7c.

As the simulation progresses, temperature differences between the two models begin
to emerge. These differences increase over time but eventually stabilize at steady-state
conditions. The steady-state average temperatures for each node are as follows:

*  Node 10 temperature difference stabilizes at an average of approximately 6.5 °C.
*  Node 20 temperature difference stabilizes at an average of approximately 7.7 °C.
*  Node 30 temperature difference stabilizes at an average of approximately —2.0 °C.

These temperature difference results in Figure 7c were obtained without any adjust-
ments applied to either the DTMM or RTMM.

Because the DTMM features the highest number of nodes and, therefore, provides
the most detailed results, its output is considered the temperature reference value. This
assumption mirrors the approach used during thermal test correlations, where measured
thermal test data serve as the “temperature reference,” and the thermal model is refined
accordingly to match those reference values.
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FF Optimized

In addition to examining the temperature differences between the DTMM and RTMM,
it is also important to evaluate a global fitness value. Following Equation (2) as the baseline
example, the fitness function FF sums the root-sum-square (RSS) of the temperature differ-
ences for each set of nodes across the entire simulation period, as shown in Equation (17):

FF=Y /Y (Tormum — Trnvam)’s (17)

Time V nodes

Using the temperature differences presented in Figure 7c and no model correlation,
the calculated fitness function is FF = 640.7.

To achieve a better (i.e., lower) FF value, a thermal model correlation must be per-
formed by optimizing the adjustable variables mentioned in Section 3.8, Figure 6, namely
KGLy,10, KGL1 20, KGLyg 30, KGR19, KGRpg, and KGR3zy, that scale the thermal conductors
(GLs) or thermal radiative conductors (GRs). These adjustable variables are tuned to
achieve the best possible correlation.

4.2. Heuristic Method Benchmark Results

As previously mention in Section 3.8, a Genetic Algorithm was used to optimize the
parameters of each heuristic method within a 20-generation loop, enabling a stabilization
of each method’s configuration “parameter” approximation and therefore making them
comparable. In each iteration of this 20-generation loop, every method was run for 50 it-
erations/generations. Because running all methods for a large number of iterations is
time-consuming, 20 iterations/generations was selected as the most balanced compromise.
Consequently, each optimized algorithm was run for a total of 400 iterations/generations
overall. Since 21 heuristic methods were optimized, here the optimization of the most used
method, the Genetic Algorithm, is presented.

Cultural Algorithm Parameter Convergence Results

Here is presented the Cultural Algorithm (CA) method convergence on the config-
uration parameters. The evolution of such parameters can be found in Figure 8a for
“Population Size”, Figure 8b for “Crossover Rate”, Figure 8c for “Mutation Rate”, Figure 8d
for “Mutation Magnitude”, and Figure 8e for “Cultural Population Size”. Figure 8 also
illustrates how the FFoptimized changes over the course of 20 generations of the Genetic
Algorithm optimization process, along with the other parameters.
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Figure 8. Cont.
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Figure 8. Evolution of F FOptimized and respective parameters for Cultural Algorithm (CA): (a) Popula-
tion Size. (b) Crossover Rate. (¢) Mutation Rate. (d) Mutation Magnitude. (e) Cultural Population Size.
The same optimization process was performed for all 21 heuristic methods described
in Table 5. In this section is presented a summary of the results in table format from the
previous plots for all 21 heuristic methods.
4.3. Heuristic Methods Benchmark Results
4.3.1. Parameters Optimization Results
The following table presents the Boxplot statistical elements for each method configura-
tion “Parameter”. This is based on the six-number summary, which includes the minimum,
maximum, average, median, and the first and third quartiles, for each “Parameter”.
The results presented here in Table 6 show how is statistical distributed the “Parame-
ters” in each method.
Table 6. Boxplot statistical elements—heuristic method “parameters”.
Method Parameters Min FlrSt. Average Median Thm‘:l Max
Quartile Quartile
Population Size 11 42 42 47 48 48
EA Mutation Rate 0.123 0.160 0.179 0.177 0.202 0.276
Mutation Magnitude 0.226 0.346 0.365 0.355 0.377 0.587
ES Population Size 19 54 57 63 69 70

Mutation Strength 0.286 0.508 0.534 0.560 0.613 0.782
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Table 6. Cont.
. First . Third
Method Parameters Min Quartile Average Median Quartile Max
Population Size 12 39 43 49 51 51
CA Crossover Rate 0.690 0.754 0.778 0.781 0.799 0.864
Mutation Rate 0.164 0.289 0.299 0.305 0.312 0.364
Mutation Magnitude 0.352 0.502 0.582 0.575 0.610 0.977
MLR  Population Size 25 31 38 41 43 46
Initial Temperature 101 433 428 494 506 510
SA Cooling Rate 0.022 0.028 0.039 0.038 0.041 0.080
Min Temperature 0.121 0.656 0.630 0.672 0.680 0.700
TS Tabu Tenure 11 48 49 54 55 57
Alienor Subdivision Factor 0.673 2.619 2.695 3.123 3.165 3.225
Population Size 23 47 45 48 49 49
Noising Noising Rate 0.135 0.211 0.242 0.249 0.262 0.346
Noise Magnitude 0.019 0.420 0.441 0.494 0.506 0.578
Population Size 14 48 49 55 55 55
Crossover Rate 0.596 0.703 0.735 0.746 0.778 0.811
CA Mutation Rate 0.190 0.254 0.271 0.258 0.265 0.477
Mutation Magnitude 0.263 0.554 0.557 0.595 0.605 0.614
Cultural Population Size 25 26 29 26 31 47
Population Size 13 39 40 45 45 46
PSO cl 1.077 1.127 1.243 1.135 1.383 1.859
c2 0.830 1.091 1.134 1.179 1.227 1.237
w 0.417 0.686 0.686 0.698 0.706 0.800
Population Size 10 21 21 23 23 23
ACU Crossover Rate 0.618 0.766 0.775 0.787 0.808 0.815
Mutation Rate 0.077 0.182 0.183 0.201 0.208 0.258
Mutation Magnitude 0.506 0.701 0.706 0.711 0.729 0.807
GRASP Alpha 0.171 0.424 0.458 0.489 0.531 0.559
Num Ants 12 28 28 30 30 31
ACO Evaporation Rate 0.466 0.490 0.541 0.504 0.550 0.796
Alpha 1.067 1.418 1.423 1.428 1.451 1.579
Beta 0.784 2.881 2.817 2.948 2.966 3.529
Population Size 12 20 22 25 25 25
DE Mutation Factor 0.428 0.624 0.643 0.646 0.682 0.820
Crossover Probability 0.332 0.588 0.604 0.638 0.648 0.762
Population Size 10 23 21 24 24 24
AIS Clone Factor 3.594 5.176 5.234 5.380 5.482 6.689
Mutation Rate 0.215 0.220 0.268 0.257 0.273 0.442
Mutation Magnitude 0.611 0.619 0.667 0.639 0.660 0.917
Harmony Memory Size 12 23 24 26 26 27
HS Harmony Memory Consideration Rate ~ 0.558 0.655 0.693 0.671 0.708 0.866
Pitch Adjustment Rate 0.155 0.232 0.274 0.297 0.302 0.390
Harmony Memory Size 12 23 24 26 26 27




Appl. Sci. 2025, 15, 7002 23 0f 32
Table 6. Cont.
. First . Third
Method Parameters Min Quartile Average Median Quartile Max
EDA Population Size 12 30 31 35 35 35
Sigma 0.121 0.330 0.348 0.358 0.365 0.632
CE Population Size 14 21 22 23 23 24
Elite Fraction 0.355 0.400 0.440 0.416 0.441 0.678
Num Employed Bees 10 24 24 26 26 27
ABC Num Onlooker Bees 24 24.0 27 26.0 29.0 34
Num Scout Bees 1 3.000 4 3.500 4.250 5
Population Size 11 27 26 28 28 28
CSs pa 0.172 0.230 0.262 0.246 0.277 0.441
Step Size 0.021 0.037 0.039 0.038 0.042 0.051
Num Particles 11 28 26 28 29 29
W Max 0.764 0.813 0.834 0.824 0.831 0.986
APSO W Min 0.203 0.238 0.269 0.248 0.290 0.386
C1 1.301 1.749 1.782 1.886 1.915 1.931
C2 1.623 1.734 1.799 1.802 1.855 2.114
V Max 0.640 0.660 0.814 0.684 0.748 1.831

Next, Figure 9 shows the average time per generation/iteration for each method. The

data indicate that some methods are faster than others (e.g., Simulated Annealing and

Alienor). On average, each generation/iteration takes approximately 45 s when using the

minimum parameter values from Table 7. If the maximum parameter values are used, the

time per generation increases by roughly 2.5 times, reaching approximately 108 s. These

differences can be significant in correlation processes that involve hundreds of generations

or iterations. In addition to computation time, memory usage was also evaluated. The

implementation of these methods exhibited relatively low memory demands on current

computing systems, with a maximum observed peak of 233 MB. Therefore, memory usage

does not present a significant concern. However, as will be seen in Section 4.3.2, the fastest

method does not necessarily yield the lowest FFoptimized-
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Figure 9. Average time per generation/iteration for each method.
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Table 7. Heuristic method boxplot statistical elements: fitness function FFoptimized-
Method Min Qtli;rrsttile Average Median Q?::t?le Max
EA 18,726 23,724 29,066 27,695 32,871 51,851
ES 5162 6232 6662 6645 6757 10,187
GA 3308 3657 4366 4052 4883 7361
MLR 9398 10,814 11,508 11,712 12,243 14,056
SA 42,995 65,592 130,000 115,482 166,155 314,441
TS 1670 4512 10,621 10,380 16,517 27,323
Alienor 357,668 409,377 421,568 425,558 436,008 463,916
Noising 6806 10,068 11,532 11,458 12,334 19,368
CA 2461 3238 3563 3517 3932 4554
PSO 6189 6337 6658 6547 6663 9262
ACU 6524 7082 8470 7497 9071 17,983
GRASP 62,661 64,961 66,187 65,806 66,697 74,723
ACO 7777 10,593 27,902 16,559 35,533 106,079
DE 7225 11,304 16,997 14,220 23,328 34,641
AIS 2927 3981 4799 4504 5403 8427
HS 11,673 14,714 17,576 16,398 18,233 35,853
EDA 12,510 13,492 14,750 13,816 14,996 22,981
CE 6097 6485 7315 6992 7737 11,201
ABC 7589 8647 10,551 10,609 12,609 13,858
CS 9536 14,487 16,654 17,313 18,121 26,563
APSO 6365 6517 7326 6847 7337 12,862

4.3.2. Fitness Function Results

The following table presents a statistical analysis of the FFoptimized Outcomes, illus-
trated using a standardized boxplot, using the six-number summary, which includes the

minimum, maximum, average, median, and the first and third quartiles.
The respective boxplot charts are presented in Figure 10.
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450,000
400,000
350,000 1

g 300,000 1

E 250,000

1

200,000 -

FF Opt

150,000 -
100,000 -
50,000 12

;

o]

o]

a
T oo & 4$4‘?—.é%%‘§“?‘4=%£

¥ & b?'éf\y‘l' o /&- <\Oﬂl\:}g\¢o C?‘{,j-) C’,\\’ £

8 i

Figure 10. Boxplot chart—fitness function FFoptimized-
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As a simple visual analysis of FFoptimized, the average comparison plot is presented
in Figure 11 for the tested methods, illustrating that the Cultural Algorithm (CA) method
achieves the best performance, while the Alienor method demonstrates the poorest
performance.
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Figure 11. FFoptimized average for each heuristic method.

4.3.3. Best Fitness Function Results

The best correlated reduced TMM simulation results of the Simple Model are presented
in Figure 12a,b, where the simulation temperature results and temperature differences
between DTMM and RTMM, respectively, are presented Additionally, the uncertainty of
the RTMM was assessed by changing the model parameters, i.e., node mass and emissivity,
with a variation of £5%, for each node. The uncertainty was estimated with Equation (18).

. 2
U"Cffrtﬂmnyode = Z (TNominal case — Tsensitive case) 7 (18)
Sensitive cases

02
L
::,: 1
©
g 0
£
& -1
-2
12 16 20 24
-3
Time (hr) Time (hr)
Node 20 ——Node 30 —Difference Node 10 Difference Node 20 —Difference Node 30
(@ (b)

Figure 12. Correlated RTMM with Cultural Algorithm (CA) with lowest FFoptimized value: (a) RTMM
temperature results. (b) Temperature difference between DTMM and RTMM, including the model

uncertainty.

This figure displays the transient temperatures for each node (e.g., 10, 20, and 30) over
a 24 h orbit, similar to Section 4.1. However, now these results have already been correlated
with the DTMM results. This correlation was made by using the Cultural Algorithm (CA)
best correlation adjustment factors from a previous optimization exercise. These adjustment
factors, KGL and KGR, are now:

b KGLO,lO = 1.69;
b KGLlO,ZO =1.22;
b KGL20]30 =1.33;
b KGRlO = 1.04;
i KGR20 = 0.65;
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d KGR30 = 1.05.

Despite the 90 min exposure to solar radiation during each orbital period, the nodes
ultimately reach equilibrium temperatures, as shown in Figure 12a. Specifically;

* Node 10 stabilizes at an average temperature of approximately 40.68 °C.
¢ Node 20 stabilizes at an average temperature of approximately 80.98 °C.
*  Node 30 stabilizes at an average temperature of approximately —1.34 °C.

Similar to the analysis conducted in Figure 7c, where temperature differences between
the DTMM and RTMM were compared without any RTMM model corrections or correla-
tions, we now examine the temperature differences with optimization applied. The new
results show significantly smaller temperature differences, as shown in Figure 12b.

As in the previous comparison in Section 4.1 realtive to Figure 7c, both models begin
at the same initial temperature of 25 °C due to identical initial conditions.

As the simulation progresses, temperature differences between the two models begin
to emerge. These differences increase over time but eventually stabilize at steady-state
conditions. The steady-state average temperatures for each node are as follows:

¢ Node 10 temperature difference stabilizes at an average of approximately
0.55°C + 2.8 °C.

¢ Node 20 temperature difference stabilizes at an average of approximately
—0.46 °C £ 2.4 °C.

* Node 30 temperature difference stabilizes at an average of approximately
—0.77°C+1.8°C.

These temperature differences in Figure 12b were obtained with adjustments applied
to the RTMM, using the Cultural Algorithm (CA) optimization method, which achieved the
fitness function value of FF = 95.87. It is also interesting to note that the RTMM uncertainty
due to variations in mass and external surface emissivity within +5% shows that it is
possible to exceed the 3 °C limit specified in typical standards [1]. This exceedance of the
3 °C limit could be considered significant; however, it does not imply that the difference
between the DTMM and RTMM is on the order of 3 °C, which is still considered very low.

5. Discussion

This study has made significant advancements in the application of heuristic global op-
timization methods for reducing and correlating thermal models in aerospace applications.
The discussion is structured into several key areas.

5.1. Literature Review

As illustrated in Figure 2a and Table 3, the PRISMA analysis identified 24 published
documents (from journals and conferences) between 2007 and 2024. Although publications
were sparse in the early years, a significant increase after 2022 indicates growing interest in
this field.

The geographical distribution of these publications, shown in Figure 2b, highlights
Spain as the leading contributor (nine publications), followed by China (four publications).

Regarding the methods implemented, Figure 2c shows that the 24 documents em-
ployed 28 methods, with some studies utilizing multiple approaches. When analysing the
number of publications per method (Figure 2d), Genetic Algorithms (GAs) emerged as the
most frequently used technique, appearing in ten publications, followed by Gradient-Based
Algorithms, as detailed in Table 4.

After the PRISMA systematic review, a compilation of existing heuristic methods
available was performed on the literature and then summarized in Table 5, where it presents
a list of 26 heuristic methods identified in the literature. However, only eight methods
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were explicitly mentioned as being applied to thermal model correlation or reduction.
This means that 65% of the methods listed remain unexplored, highlighting a significant
knowledge gap. This study aims to bridge this gap by evaluating the performance of these
global optimization methods in thermal model correlation and reduction.

5.2. Interpretation of Simulation Results

The numerical simulations demonstrate that heuristic methods—particularly Cul-
tural Algorithms (CAs), Genetic Algorithms (GAs), and Artificial Immune Systems
(AISs)—effectively reduce discrepancies between the detailed and simplified thermal mod-
els. The observed convergence and temperature differences below 3 °C in transient simula-
tions confirm their ability to handle complex, nonlinear parameter spaces. These findings
suggest that heuristic approaches can serve as a robust alternative to traditional, manually
tuned methods in thermal correlation analysis.

A key aspect of this discussion concerns parameter tuning in heuristic methods. In this
study, a Genetic Algorithm (GA) optimization process was employed to fine-tune parame-
ters across different heuristic techniques. The goal was to establish a more systematic and
comparable optimization loop for each method, enabling a more natural convergence of
the parameter tuning and then a better performance comparison based on fitness function
(FF) values.

Some heuristic methods, e.g., the CA, GA, and AIS, share common parameters, such
as: “Population Size”, “Mutation Rate”, and “Mutation Magnitude”.

However, others have unique parameters that are not directly comparable across
methods, such as Cultural Population Size (specific to CAs) and Clone Factor (specific
to AISs).

If we compare the common parameters, we find the following;:

e  Population Size: 49 (CA), 43 (GA), and 21 (AIS). While the CA and GA are similar, the
AIS has a significantly smaller value.

*  Mutation Rate: 0.271 (CA), 0.299 (GA), and 0.268 (AIS), indicating close similarity.

*  Mutation Magnitude: 0.557 (CA), 0.582 (GA), and 0.667 (AIS), with the AIS showing a
difference.

Despite similarities in some tuning parameters, significant differences emerge in others,
such as Population Size. Additionally, unique parameters specific to each method make
direct comparisons challenging. To address this, we compiled a comprehensive statistical
dataset for each heuristic method. This dataset serves as a reference for researchers and
practitioners looking to apply heuristic methods to thermal model correlation, providing
insights into acceptable parameter ranges and expected optimization behaviours.

5.3. Strengths and Limitations

While the results are promising, it is essential to acknowledge both strengths and
limitations.
Strengths

¢  The methods demonstrate high accuracy and effective convergence, making them well
suited for handling non-linearity in thermal models.

¢  The approach offers a structured methodology for automating and improving pa-
rameter tuning, reducing reliance on manual adjustments of the methods of tuning
parameters.

Limitations:

¢ Selecting the optimal tuning parameters for each method requires extra computational
cost, which can lead to increased computational time.
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¢  These findings are based on a simplified thermal model; further validation is needed
for larger and more complex aerospace systems.

5.4. Implications for Future Research

This work establishes a robust global heuristic framework for thermal model reduction
and correlation. To broaden its applicability and validate its performance under realistic
conditions, future investigations should explore the following directions:

e Laboratory Validation. Develop and instrument a representative thermal test setup
(e.g., a multi-plate panel or electronics mock-up) equipped with temperature sensors.
Conduct experiments in a controlled environment and compare the measured temper-
ature profiles with predictions from both the DTMM and RTMM to evaluate accuracy
and convergence behaviour.

e Larger Model Scaling. Apply the reduction methodology to more complex aerospace
thermal networks, such as complete satellite buses or payload assemblies with hun-
dreds of nodes, to assess scalability, accuracy, and computational efficiency.

6. Conclusions

This study has explored the application of heuristic global optimization methods for
thermal model reduction and correlation in aerospace applications. The key contributions
of this work are summarized below.

e Comprehensive Literature Review: A systematic review of 24 publications from
2007-2024 identified 26 heuristic optimization methods, highlighting a significant gap
in the application of many techniques.

*  High-Accuracy Correlation: The application of heuristic methods resulted in tem-
perature discrepancies below 3°C under transient conditions, demonstrating their
effectiveness in improving model accuracy.

¢ Comparative Evaluation of Methods: While Genetic Algorithms (GAs) have been the
dominant approach since Jouffroy’s pioneering work in 2007, this study highlights that
other methods—such as Cultural Algorithms (CAs) and Artificial Inmune Systems
(AISs)—can perform competitively.

In conclusion, this study confirms that heuristic global optimization methods are
effective for thermal model reduction and correlation in aerospace engineering. These
findings contribute to both theoretical understanding and practical applications, providing
a solid foundation for improving thermal model accuracy and optimization processes in
complex engineering systems.
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The following abbreviations are used in this manuscript:

A; Area of Node i (m?)

o; Solar Absorptivity of Node i

ABC Artificial Bee Colony

ACU Approximate Convex Underestimation
ACO Ant Colony Optimization

AIS Artificial Immune Systems

APSO Adaptative Particle Swarm Optimization
CA Cultural Algorithms

CE Cross-Entropy Method

Col Contflict of Interest

CPU Central Processing Unit

Cp Specific Heat at Constant Pressure (J/kg.K)
DE Differential Evolution

DTMM Detailed Thermal Mathematical Model

DS Distributed Search

EA Evolutionary Algorithm

EDA Estimation of Distribution Algorithms

ES Evolutionary Strategies

€ Emissivity of Node i

FF Fitness Function

GA Genetic Algorithm

GL Conductive Thermal Conductance (W/°C)
GR Radiative Thermal Conductance (W /°C)
GRASP Greedy Randomized Adaptative Search Procedure
HS Harmony Search

IDE Integrated Development Environment
KGL GL Adjustable Variable

KGR GR Adjustable Variable

My Heuristic Method n° #

MA Memetic Algorithms

MC Monte Carlo Hybrid Algorithm

MDPI Multidisciplinary Digital Publishing Institute
MLR Multiple Linear Regression

MOOGA Multiple-Objective Optimization GA Based
m; Mass of Node 7 (kg)

NA Not Available

Niodes N° of Thermal Nodes

Ntimesteps N° of Time Steps

ODE Ordinary Differential Equations

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PSO Particle Swarm Optimization

P; Internal Heat Power on Node i (W)
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RAM Random Access Memory

ROQ# Research Question n°#

RTMM Reduced Thermal Mathematical Model
SA Simulated Annealing

So Solar Constant (W/m?)

t Time

T; Temperature of Node i (°C)

Tday Orbital Period

TS Tabu Search
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