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Abstract: In this study we conduct a comprehensive investigation into the flow and heat transfer behaviors of staggered fin heat
dissipation channels across varying altitudes (0-5000 m). The results reveal that higher altitudes lead to a notable deterioration in
heat exchanger performance. Specifically, compared to sea-level conditions, elevating the altitude to 5000 m results in a
concurrent reduction of 23% in pressure drop and 18% in heat transfer coefficient. Therefore, while existing fin structures meet
low-altitude requirements, they require optimization to adapt to high-altitude environments. However, this optimization process
involves evaluating a vast number of design schemes. Traditional computational fluid dynamics (CFD) simulations are often too
computationally expensive for this task, creating a significant bottleneck. To address this challenge, we established an efficient
optimization framework that integrates numerical simulations, machine learning, and an improved Non-dominated Sorting
Genetic Algorithm IT (NSGA-II). Three machine learning models were evaluated, among which the Gradient Boosting Decision
Tree (GBDT) achieved superior predictive accuracy (R? =~ 1.0) for both heat transfer coefficient and pressure drop. Subsequently,
multi-objective optimization was realized utilizing GBDT as a surrogate model coupled with the improved NSGA-II. We find that
when the pressure drop is comparable to that of the original structure, the heat transfer coefficient increases by approximately 23%
across all tested altitudes. Conversely, when the heat transfer coefficient remains on par with the original design, the pressure drop
decreases by about 17%. These findings may help guide the optimal design of next-generation staggered fin heat exchangers
suitable for high altitudes.
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1 Introduction

With the widespread application and expanding
operational scope of specialized vehicles,
environmental adaptability requirements for their
power systems have become increasingly stringent
(Sun et al., 2024; Xu et al., 2022; Huang et al., 2025).
Under diverse and dynamic operating conditions, the
cooling system must adapt to drastic fluctuations in
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external parameters such as temperature, pressure,
and humidity, so as to ensure reliable operation of
engines and other critical components (Elsayed et al.,
2020; Yang et al., 2024; Ramakrishnan et al., 2022).
However, as a critical component of the cooling
system, the heat exchanger exhibits high sensitivity to
environmental variations, and altitude stands out as an
obvious influencing factor (Liu and Liu, 2022; Zhao
et al.,, 2026). At high altitudes, thinner air leads to
substantial reductions in atmospheric pressure and air
density, and this decline in cooling capacity directly
impairs a heat exchanger’s heat transfer efficiency
(Lang et al., 2024; Li et al., 2025). Consequently,
detailed research on altitude-induced performance
attenuation is essential for enhancing the adaptability
of armored vehicles in complex operating
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environments.

In recent years, heat exchanger performance in
high-altitude environments has become a popular
research topic. For instance, Yang et al. (2024)
proved that high-altitude environments lead to a
simultaneous decrease in the air-side convective heat
transfer coefficient and cooling fan head,
substantially degrading overall radiator performance.
Moreover, Liu et al. (2020) quantitatively analyzed
heat exchangers under different altitude conditions
using three-dimensional CFD simulations, further
proposing empirical formulas to characterize the
attenuation of the heat transfer coefficient induced by
high altitude. Notably, atmospheric pressure
decreases significantly as altitude rises, so previous
studies on heat exchangers operating in low-pressure
conditions also hold reference value (Chen et al.,
2024). At the same time, Li et al. (2022) found that
when ambient pressure decreases, both the heat
transfer  efficiency and entropy production

performance of a heat exchanger decline significantly.

Additionally, the adaptability of different heat
exchanger fin types under high altitude conditions has
been systematically compared: Cai et al. (2017)
showed that heat exchangers with louvered fins
exhibit the strongest heat dissipation capacity at high
altitudes, while those with staggered fins demonstrate
better environmental adaptability.

The staggered fin geometry investigated in this
study is widely employed in compact heat exchangers
for applications where space efficiency and thermal
performance are critical. These applications include
vehicle radiators, intercoolers for turbocharged
engines, oil coolers, and environmental control
systems in aerospace and armored vehicles. Such
scenarios demand reliable thermal management
across diverse operating altitudes, making
altitude-adaptive design of staggered fins vital for
enhancing equipment durability and performance in
plateau regions. To fulfill these rigorous thermal
demands, careful design of fin geometric parameters
is essential. For reference, studies have highlighted
that variations in key structural factors — such as fin
length and inclination — can significantly alter
convective heat transfer characteristics (Ben-Nakhi
and Chamkha, 2006); as such, these results can
provide crucial theoretical guidance for optimizing
compact heat exchangers.

Previous studies have primarily investigated the
macroscopic performance trends of heat exchangers
at altitude. Nevertheless, two critical gaps persist.
First, the microscale flow and heat exchange
mechanisms under high-altitude conditions remain
poorly understood. Second, traditional high-fidelity
CFD simulations are computationally prohibitive for
this task, which makes it difficult to accumulate
sufficient data for structural optimization.

Driven by the need for more efficient prediction
methods, machine learning has recently emerged as a
pivotal research direction. This technology has
demonstrated remarkable advantages across multiple
heat transfer applications. For instance, Wen et al.
(2024) addressed the challenge of predicting heat
transfer in supercritical carbon dioxide within the
pseudocritical region. Using 11,032 sets of publicly
available experimental data, they developed a
predictive model with input parameters including
mass flow rate, wall heat flux, pressure, and pipe
diameter, while setting wall temperature as the output
target. By comparing the performance of four
algorithms — random forest (RF), GBDT, support
vector machine (SVR), and artificial neural network
(ANN) — they demonstrated that the ANN could
accurately capture the heat transfer deterioration
phenomenon when the fluid temperature approaches
or exceeds the pseudocritical value. Beyond
single-phase flow applications, machine learning has
also demonstrated transformative potential in more
complex heat transfer scenarios, such as those
involving phase change phenomena like boiling and
condensation. Recent studies have successfully
deployed advanced neural networks and ensemble
learning algorithms to predict boiling heat transfer
coefficients and critical heat flux, effectively
capturing the non-linear nature of bubble dynamics
and liquid-vapor interfacial behaviors (Mustafa and
Kandlikar, 2025).

Meanwhile, the design of advanced heat
exchangers incorporating phase change materials
(PCMs) is another promising domain. For example,
detailed numerical investigations have demonstrated
the efficacy of multi-layer PCMs in enhancing heat
transfer under periodic boundary conditions (Sadeghi
et al., 2020). To further optimize PCM-based systems
and efficiently explore their vast design spaces,
researchers are increasingly deploying machine



learning techniques. In one study, Shahsavar et al.
(2022) used 3D numerical simulations to investigate
the influence of tip clearance (TC) between annular
fins on heat transfer characteristics in battery thermal
management systems (TMS) containing phase change
materials (PCM). They found that a TC of 0.5 mm
maximizes the heat transfer rate while minimizing
PCM melting time. Furthermore, they developed an
integrated machine learning model based on GBDT,
enabling the prediction of liquid fraction, temperature
distribution, and thermal entropy generation rate with
high precision. In a related context, the application of
multi-layer PCMs in tubular heat exchangers
subjected to periodic boundary conditions has also
proven effective in enhancing thermal performance.

Although applications of machine learning in the
field of heat transfer are becoming increasingly
mature, recent work has explored coupling machine
learning with multi-objective optimization to address
the challenges of numerous parameters and
conflicting objectives. As an example, Li et al. (2020)
evaluated the performance of staggered fins under
low-temperature conditions based on fluid structure
coupling theory, and obtained the Pareto front using a
genetic algorithm; their results showed that the
Jugensson-Fischer factor increased by 4.4% to 9.6%
while the peak stress decreased by 21% to 42%. Also,
He et al. (2024) combined an ANN and NSGA-II to
perform multi-objective optimization of the fin
geometry of a plate fin heat exchanger, resulting in a
23% reduction in the hot end’s average temperature.
Moreover, Tikadar and Kumar (2024) proposed a
multi-parameter framework with an ANN to optimize
the layout of laminar flow heat dissipation fins; this
framework improved the overall performance by 19%
to 35% while keeping the pump power essentially
constant. Collectively, these studies indicate that
integrating machine learning with multi-objective
optimization can not only effectively resolve the
complexities of multiple parameters and conflicting
objectives in heat transfer system design, but also
shorten the optimization cycle.

This study elucidates the mechanism by which
altitude affects the microscale heat transfer
performance of staggered fins, addressing the
insufficient understanding of microscale flow and
heat transfer mechanisms under high-altitude
conditions. Specifically, a systematic comparison is
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conducted among three machine learning
models—ANN, DT, and GBDT—to evaluate their
performance in  establishing the mapping
relationships among key fin geometric parameters,
altitude parameters, and two critical metrics: pressure
drop and heat transfer coefficient. Finally, based on
the trained machine learning surrogate model, an
improved NSGA-II algorithm incorporating an
adaptive crossover and mutation rate strategy is
proposed for multi- objective optimization. This
algorithm overcomes the inherent limitations of the
standard NSGA-1I, and together with the surrogate
model, effectively addresses the issue of inefficient
optimization due to computationally expensive CFD
simulations. This optimized strategy synergistically
enhances the flow and heat transfer characteristics of
staggered fins under high-altitude conditions;
accordingly, it improves the overall performance of
the heat exchanger and offers a novel approach for
high-altitude adaptive design of thermal engineering
equipment.

2 Materials and methods

In this study, a synergistic framework
integrating numerical simulations, machine learning,
and multi-objective optimization is established to
address the thermal-fluid performance degradation of
staggered fins in high-altitude environment and
accordingly improve performance. The overall
workflow of this framework is illustrated in Fig. 1.
Specifically, as shown in the first stage of Fig. 1, a
CFD model for periodic staggered fin units was
developed, with the RNG k-¢ turbulence equation
adopted to simulate the flow and heat transfer
characteristics at altitudes ranging from 0 to 5000 m.
Boundary layer mesh generation and experimental
validation were performed to ensure the reliability of
the CFD model, enabling quantitative determination
of the influence laws of altitude on pressure drop, heat
transfer coefficient, and boundary layer thickness.
Then, corresponding to the second stage in Fig. 1, a
dataset was generated based on parametric geometry,
and the predictive performances of three machine
learning models (DT, ANN, and GBDT) were

compared. = The optimal model achieved
millisecond-level prediction time for pressure drop
and heat transfer coefficient, thus replacing
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time-consuming CFD simulations. Finally, in line
with the third stage of Fig. 1, the well-performing
machine learning model was coupled with the
improved NSGA-II to synergistically optimize fin
length and fin spacing, enhancing the adaptability of
the staggered fins to high-altitude environments.
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London (1984) was selected for this study; the
specific air-side structural dimensions are presented
in Table 1. Given the repetitive and stackable
characteristics of the heat exchanger structure, a
staggered fin unit was established using periodic
boundary conditions, as illustrated in Fig. 2 and Fig. 3.
The main parameters of this unit are fin length, fin
height, fin spacing, and fin thickness.
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Fig. 2 Computational model of a staggered fin unit
with boundary conditions

L oy

e
hy

L b
[

(a) Front view (b) Top view
Fig. 3 Schematic diagram of the staggered fin
structural parameters

Table 1 Geometric dimensions of the fin

S ! Fin Fin Fin Fin
tructu:a length  height  spacing  thickness
arameter

P & %) (1)

Value (mm) 4.52 8.75 2.083 0.102

Compare with the original structure

Fig. 1 Flowchart of the overall methodology

2.1 Geometric models

A staggered fin structure from the heat
exchanger experiments documented by Kay and

2.2 Simulation setup

In this work we focus on the air-side heat
transfer process of the heat exchanger, where the solid
component is aluminum (fins), the working fluid is air
(treated as incompressible with constant physical
properties), and the upper and lower walls are
configured as constant temperature walls (350 K) to



simulate the heat source provided by the water side
(coolant) during operation; the left and right
boundaries are defined as periodic boundary walls,
the inlet is set as a velocity inlet condition, and the
outlet as a pressure outlet boundary condition. For the
numerical solutions, the SIMPLEC algorithm is
employed, with second order upwind schemes
applied to the energy and momentum equations, and
the convergence criteria for the continuity,
momentum, and energy equations are set to 107,

The following assumptions are adopted in the
numerical simulations: (1) Air is treated as
incompressible  with  constant thermophysical
properties at each altitude (although properties vary
across altitudes as given in Table 2); (2) The fin
material (aluminum) is homogeneous and isotropic
with constant thermal conductivity; (3) The upper and
lower walls are maintained at a constant temperature
of 350 K, and the inlet airflow is uniform and steady;
(4) Radiative heat transfer is neglected since forced
convection dominates; (5) The fin surfaces are
assumed to be perfectly clean with no fouling; (6) The
flow and temperature fields are assumed to be
periodically fully developed, allowing a single
staggered fin unit with periodic boundaries to
represent the entire heat exchanger core.

Under laminar flow conditions, the governing
equations established in this study consist of the
continuity equation, energy equation, and momentum
equation. The detailed mathematical model is
presented in Section S1 of the Electronic
Supplementary Materials (ESM).

In this study we use an altitude range of 0-5000
m, with six representative operating conditions
selected: 0 m, 1000 m, 2000 m, 3000 m, 4000 m, and
5000 m (detailed parameters are provided in Table S1
in the ESM). Across these conditions, air pressure and
density exhibit significant variations. Regarding air
viscosity, according to the kinetic theory of gases and
Sutherland’s law, the dynamic viscosity of a gas is
primarily a function of temperature and is largely
independent of pressure within a moderate pressure
range (Miao et al., 2025). Since the inlet air
temperature is maintained at a constant 288.15 K in
this work, the variation in viscosity caused by
altitude-induced pressure changes is negligible.
Therefore, the air viscosity is treated as a constant
value (1.89E-05 Pa-s) in the simulations. Moreover,
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the inlet temperature is maintained at a constant
288.15 K.

2.3 Mesh generation and model validation

As shown in Fig. S1 (in the ESM), the mesh
generation was conducted using ANSYS ICEM CFD
software, with boundary layers defined at the
fluid-solid coupling interfaces. To confirm the
model’s accuracy, the j and f factors obtained from
simulations were compared with experimental data
reported by Kay and London (1984). These two
dimensionless parameters are used to assess heat
transfer performance and frictional loss in heat
dissipation systems, respectively; their specific
expressions are:

j = R PR () (1)
ApD,
S=5t @
where Dpg is the hydraulic diameter, L is the
channel length, and Tw, T, and T,. are the wall
temperature, air inlet temperature, and air outlet
temperature, respectively. Ap represents the pressure
difference between the inlet and outlet. A comparison
between the simulated and experimental j and f
factors is shown in Fig. 4. To quantify the reliability
of the numerical results and address potential
uncertainties, the error was systematically analyzed.
The average deviations were found to be 8% for the j
factor and 3% for the f factor, both of which are
within the acceptable engineering threshold of 10%.
These minor discrepancies are primarily attributed to
the idealized periodic boundary conditions and the
inherent simplifications of the turbulence model.
Consequently, the CFD model exhibits sufficient
accuracy and low uncertainty in predicting the
thermal-hydraulic performance of staggered fins
across varying altitudes.
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Fig. 4 Validation of the simulations in comparison to
experimental data

2.4 Machine learning modeling

To address the inefficiencies of traditional CFD
simulations in supporting multi-objective
optimization for staggered fin heat exchangers, a
machine learning surrogate model was introduced.
Notably, in this study the operating conditions
required for model training were generated through
CFD simulations; these simulations, while reliable for
capturing the thermal-fluid characteristics of
staggered fins under different altitude and geometric
parameter combinations, still impose a non-negligible
computational burden. High-resolution boundary
layer meshing and the iterative convergence of
turbulence equations mean that each CFD run for a
single set of fin geometric parameters and altitude
conditions consumes substantial computational
resources, making repeated large-scale simulations
impractical.

Relying solely on CFD becomes a significant
issue in subsequent multi-objective optimization: this
process typically requires evaluating thousands of
candidate solutions. If each evaluation were to depend
directly on CFD simulations, the total computation
burden would become prohibitive, severely
prolonging the optimization cycle and hindering
efficient screening of fin designs. In contrast, once it
is trained on the pre-generated CFD dataset, the
machine learning surrogate model can rapidly predict
key performance indicators (pressure drop and heat
transfer coefficient) for any new candidate design.
This approach not only retains the accuracy derived

from CFD, but also eliminates the need for repeated
time-consuming CFD simulations during the
optimization process; accordingly, this can accelerate
exploration for solutions and enhance screening
efficiency.

To systematically evaluate the potential of
data-driven methods in predicting fin performance,
we selected three representative modeling approaches
— Decision Tree (DT), Artificial Neural Network
(ANN), and Gradient Boosting Decision Tree
(GBDT). These models represent distinct algorithmic
paradigms, ranging from rule-based and connectionist
models to ensemble learning strategies. The
fundamental principles and characteristic strengths of
these three methodologies are illustrated in Fig. S2
(ESM). By  cross-validating their predictive
accuracies, we offer an objective basis for selecting
the optimal surrogate model for the ensuing
optimization tasks .

The screening of proxy models aims to provide
reliable tools for parameter optimization, and
therefore it is first necessary to clarify the core
optimization variables of staggered fin heat
exchangers. Among the key structural parameters of
staggered fins—such as fin thickness, fin spacing, fin
height, and fin length—we identify fin length and fin
spacing as the core optimization variables. Fin length
and fin spacing are adjustable in practice and are also
closely correlated with the heat sink’s
thermal-hydraulic behavior: changes in fin length
directly affect the heat transfer area and flow
disturbance intensity, while variations in fin spacing
impact airflow resistance and boundary layer
development. Thus, both parameters are critical for
alleviating altitude-induced performance degradation.
For the parametric design of these two core variables
and altitude conditions, we set the adjustment ranges
and intervals as follows: the fin length is adjusted in
five equal intervals within the range of 2 mm to 10
mm, the fin spacing is divided into six intervals from
1.5 mm to 2.5 mm, and the altitude covers six
representative intervals ranging from 0 m to 5000 m.
By combining these three parameter dimensions, a
total of (5x6x6 =) 180 operating conditions are
generated to support the training of the three machine
learning models. This dataset is further divided into
three subsets following standard test-train splitting:
70% is used as the input for model training, 10% is



allocated as the validation set, and the remaining 20%
is reserved as the testing set to evaluate model
performance.

All input and output variables undergo Z-score
standardization (with the mean u and standard
deviation ¢ calculated exclusively from the training
set to prevent data leakage), while the validation set
has the identical scaling parameters applied. The
standardization formula is as follows:

-
z== 3)
where Z represents the standardized variable, u
represents the mean of x in the training dataset, and o
is the standard deviation of x in the training dataset.
The results are then compared to determine
which model is most effective in forecasting the
thermal transfer efficiency of staggered fins under
diverse fin parameters. We evaluate the predictive
performance of the two models using R? and RMSE,
and also compare their precision and generalization
abilities (Xie and Wang, 2025).
R2 also known as the
determination, is defined as follows:

coefficient of

_ E?:] ()’i'}’yz

R*=1
2:1:1 ()’i'y)z

)

In analyzing variables, the coefficient of
determination is a value between 0 and 1 that
indicates the goodness of model fit. It is determined
based on the initial values of n data points (denoted as
vi), the mean value of y, and the predicted values
(denoted as y;). As the coefficient of determination
approaches 1, the model fit improves.

RMSE (root-mean-square error) is a measure of
the degree of deviation between the predicted values
and the true values.

RMSE= | *3 | (v,3)? (5)

In the given formula, n represents the number of data
points, y; represents the actual values, and y;
represents the predicted values. As the RMSE value
approaches zero, this indicates a more accurate
prediction result.
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2.5 Multi-objective optimization method based on
improved NSGA-II

For multi-objective optimization, we introduce
an improved NSGA-II to drive the global
optimization process, aiming to enhance the
thermal-fluid performance of staggered fin heat
exchangers in high-altitude environments. As a
second-generation non-dominated sorting genetic
algorithm, the standard NSGA-II retains the global
optimization capability of its predecessor while
significantly reducing computational complexity
through a rapid non-dominated sorting strategy.
However, to balance global exploration and local
refinement during the fin structure optimization, we
improve upon the algorithm, focusing specifically on
enhancements to crossover and mutation operators. A
dynamic adaptive strategy is designed to adjust the
crossover and mutation rates: this strategy modulates
the two key hyperparameters with the iterative
process, strengthening the algorithm’s ability to
explore new solution spaces in early stages and refine
optimal solutions in later stages; this ultimately
accelerates convergence toward the Pareto front and
improves the efficiency and reliability of the
optimization results.

The crossover rate and mutation rate are critical
hyperparameters that significantly influence the
search behavior of the algorithm, affecting the
direction of population evolution and the convergence
performance. Our proposed adaptive strategy aims to
achieve a dynamic balance between global
exploration and local exploitation during the
evolutionary process. In the early stages of
optimization, a higher crossover rate and lower
mutation rate are adopted to promote population
diversity and global search capability. In the later
stages, the crossover rate is gradually reduced in order
to preserve well-performing individuals, while the
mutation rate is increased to enhance local refinement
and the ability to escape local optima. The
mathematical expressions corresponding to these
concepts are provided as follows:

P c(y =P, cOe-ﬂCt/TmaX (6)
Py () =Py (1-ePntTnex) (7

Here, P.(t) denotes the crossover probability;
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P, (t) is the mutation probability; ¢ is the current
iteration number; 7, represents the maximum
iteration number; P, and P,, denote the initial
crossover probability and initial mutation probability,
respectively; B, and S, are decay coefficients that
control the rate at which the crossover probability and
mutation probability change with proceeding
iterations, respectively.

3 Results

3.1 Staggered fin pressure drop and heat transfer
coefficient variations with altitude

To clarify the intrinsic reason for
altitude-induced performance changes, we first
analyze the variation of Reynolds number (a key flow
characteristic parameter) with altitude. As shown in
Fig. 5, when the inlet velocity is fixed at v=9.68 m/s,
the Reynolds number decreases from ~1200 (0 m) to
~700 (5000 m), which is attributed to the significant
reduction in air density at high altitudes. This change
in Reynolds number further affects the flow and heat
transfer performance of the fin channel, as reflected in
the variations of pressure drop and heat transfer
coefficient.
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Fig. 5 Variation of Reynolds number with altitude
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Fig. 7 Heat transfer coefficients at different altitudes

The pressure drop across the heat dissipation
channel at varying altitudes is shown in Fig. 6. As the
altitude increases, the pressure drop tends to decrease,
with the value at 5000 m being 23% lower than at sea
level. This reduction occurs because higher altitudes
correspond to lower air density, which decreases the
mass flow rate at a given velocity. Consequently,
fewer air molecules interact with the wall surface to
generate friction, leading to reduced loss in pressure.
The heat transfer coefficient of the channel is
presented in Fig. 7. In keeping with the flow
characteristics, the heat transfer coefficient also
exhibits a downward trend, decreasing by 18% at
5000 m relative to sea level.

3.2 Theoretical analysis of boundary layers for
the staggered fin heat exchanger at varying
altitudes

To explain the reasons behind the changes in



heat transfer performance caused by altitude
variations, the flow field and temperature field near
the fin surface are investigated using boundary layer
theory. Fig. 8 illustrates the variations in near-wall
temperature and velocity gradients across different
altitudes. As the altitude increases, both gradients
exhibit noticeable decreases. Furthermore, as the flow
and temperature fields develop farther away from the
fin surface, the decay rates of these gradients slow
down more markedly at higher altitudes; this
phenomenon suggests the presence of a thicker
boundary layer under such conditions. This boundary
layer thickening is inherently driven by the reduction
in air density, which dampens near-wall velocity
fluctuations and impairs the heat transfer efficiency as
a result. Simultaneously, the decrease in Reynolds
number promotes stabilization of the laminar flow,
further suppressing the outward diffusion of
momentum and thermal gradients. Consequently,
both the temperature and velocity gradients diminish
in magnitude, and their decaying trends become more
gradual as the distance from the wall increases.
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Fig. 8 The distribution of temperature gradient and
velocity gradient near the fin surface at different altitudes

According to the definition of the flow boundary
layer, the boundary layer thickness ¢ is the distance
from the wall at which the velocity reaches 99% of the
mainstream velocity; this corresponds to the flow
boundary layer. In this study, the gradient of the
velocity in the Z-direction equaling zero is used as the
criterion for determining the flow boundary layer, as
expressed by:
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Fig. 9 Variation of the velocity boundary layer on the
fin surface at different altitudes

As depicted in Fig. 9, the velocity boundary
layer thickness on the fin surface increases with
increasing altitude. This figure presents the velocity
boundary layer profiles at different altitudes (from 0
m to 5000 m), indicating that the boundary layer
thickness grows at higher altitudes, particularly near
the point of maximum thickness. Specifically, as the
altitude increases from 0 m to 5000 m, the boundary
layer thickness consistently increases, as evidenced
by the peak of the curve shifting to a higher Z-value.
This phenomenon can be attributed to the decrease in
air density, which enhances fluid momentum
diffusion at higher altitudes, thereby increasing the
velocity boundary layer thickness.

The thermal boundary layer is generally defined
as the region where the excess temperature reaches
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99% of the incoming excess temperature,
corresponding to the thickness J, of the thermal
boundary layer. In this study, the incoming
temperature is 288.15 K and the wall temperature is
350 K. Therefore, the temperature 7 at the outer
boundary of the thermal boundary layer is:
T=0.01%(Ty-T,,)*+T,=288.77K )
0.95
——0m
090 f ——1000m
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0.85 |

0.80 |
gOISE
B
N 0.70 |

0.65 F Temperature boundary layer

0.60 |

0.55

Fin position
0.50 1 1 1 1 1
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Fig. 10. Variation of the thermal boundary layer on the

fin surface at different altitudes

Following this definition, the variation in the
thermal boundary layer on the fin surface at different
altitudes is presented in Fig. 10. With increasing
altitude, the thermal boundary layer gradually
expands outward. Like the flow boundary layer, the
thermal boundary layer exhibits a thickening trend as
the altitude increases from 0 m to 5000 m, with the
peak of the curve shifting upward in the Z-direction.
However, the farthest extent of the thermal boundary
layer lags behind that of the flow boundary layer. This
is primarily due to the reduction in air density, which
enhances thermal diffusion. However, the rate of
thermal diffusion is relatively slow compared to the
rate of momentum diffusion, resulting in the thermal
boundary layer extending more slowly than the flow
boundary layer.
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Fig. 11 Variation of average boundary layer thickness on
the fin surface with altitude

By applying an integral weighting process to the
positions of the near-wall flow boundary layer and the
thermal boundary layer, we obtain:

0.00452
- fO odx

0= "5 (10)
fO xdx
- fé).00452 5.

{~ ~0.00452 (1D
fo xdx

Here, 6 and 6, represent the average flow
boundary layer thickness and average thermal
boundary layer thickness, respectively. The variation
in the average boundary layer thickness on the fin
surface at different altitudes is shown in Fig. 11.
Compared to sea level, at an altitude of 5000 m, the
average velocity boundary layer thickness increases
by 19%, while the average thermal boundary layer
thickness increases by 24%. The fact that the thermal
boundary layer thickness increases more significantly
than the velocity boundary layer thickness can be
attributed to the greater enhancement of thermal
diffusion relative to momentum diffusion.

Now that we have clarified the variation in
average boundary layer thickness on the fin surface in
response to different altitudes, it is now important to
use the wall heat flux to quantify the impact of
altitude on heat transfer performance. As previously
established, the wall temperature and inlet air
temperature are held constant (resulting in an
unchanged temperature difference for heat transfer);



under such conditions, the wall heat flux can directly
reflect the extent to which altitude impairs the heat
transfer capacity of the fins. Fig. 12 illustrates the
distribution of wall heat flux along the X- direction of
the fin surface. One can observe that the wall heat flux
decreases significantly with increasing altitude; the
reduction is especially prominent in the middle region
of the fin. This trend is closely related to the decrease
in air density and the consequent reduction in heat
transfer capability. Furthermore, if the minimum
wall heat flux ¢, =10kW/m? is used as the threshold to
define the weak heat transfer region on the fin surface,
it can be found that the effective high-efficiency heat
transfer area on the fin surface is considerably
reduced at higher altitudes. Such a result indicates
that the length of the effective heat transfer region on
the fin surface gradually decreases at higher altitudes.
The ultimate result is degradation of the overall heat
transfer performance.
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Fig. 13 The effects of different altitudes on the average wall
heat flux and the proportion of high-efficiency heat
transfer regions on the fin surface

The effects of different altitudes on the average
wall heat flux and the proportion of high-efficiency
heat transfer regions on the fin surface are showcased
in Fig. 13. In comparison to sea level, the average
wall heat flux at an altitude of 5000 m decreases by
20%, and the proportion of high-efficiency heat
transfer regions relative to the total heat transfer area
of the fin decreases by 58%.

3.3 Comparison of the machine learning models

From the above analyses, it is evident that the
heat transfer performance of staggered fin heat
exchangers degrades significantly as altitude
increases. While the existing fin structure can meet
heat dissipation requirements at low altitudes, its
adaptability to high-altitude environments is
insufficient—thus there is an urgent need to optimize
the fin structure to enhance its thermal-fluid
performance at high altitudes.

Notably, the optimization of fin structure
requires continuous testing of novel design schemes
to verify the improvement effects. However, if
traditional CFD is still used to evaluate each new fin
structure, the cumulative computational burden will
be high. This is because each CFD simulation needs
to resolve high-resolution boundary layers and iterate
through turbulence equations, making it difficult to
efficiently perform the relevant optimization
operations. To address this bottleneck and accelerate
the optimization process, we sought to develop a fast
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and precise surrogate model for predicting fin
performance; machine learning (ML), with its ability
to map complex thermal-fluid relationships and
achieve rapid inference, emerged as the ideal strategy
for developing such a model.

To implement this ML-based surrogate model,
we leveraged the standardized dataset generated from
the CFD simulations (Section 2.7), which covers 180
representative operating conditions of staggered fins
under different altitude and geometric parameter
combinations. Based on this dataset, three
representative ML models—DT, ANN, and
GBDT—were trained and validated. The detailed
hyperparameter settings for these models, which were
obtained via a grid search method to ensure
reproducibility, are provided in Table S2 in the ESM.
As summarized in Table S3 (ESM), the GBDT model
consistently outperformed the others, achieving an R’
near 1.0 and minimal RMSE across the training,
validation, and testing datasets. The complete set of
regression  plots, illustrating the predictive
performance for both pressure drop and heat transfer
coefficient, is presented in Figs. S3-S4 in the ESM.
Based on these results, GBDT is selected as the best
surrogate model for subsequent multi-objective
optimization.

3.4 Multi-objective optimization of pressure drop
and heat transfer coefficient

Next for the optimization with the GBDT
employed as the surrogate model, the optimization
variables are fin length (2-10 mm) and fin spacing
(1.5-2.5 mm), while all other structural parameters
remain unchanged. The final optimization results are
presented in Fig. 14, which provides a comparative
analysis with the original design parameters (fin
spacing: 2.083 mm; fin length: 4.52 mm).

Fig. 14 illustrates that the obtained Pareto front
can be categorized into three distinct regions: a low
flow resistance region, a comprehensive optimization
region, and a high heat transfer coefficient region. In
the low flow resistance region, the heat transfer
coefficient is generally lower than that of the baseline
design, indicating that the solutions in this region
achieve lower flow resistance at the expense of
thermal performance. These fin structures are
characterized by larger fin spacing and shorter fin

length. The increased spacing reduces flow
obstruction and pressure drop, while the shorter fin
length minimizes flow disturbance — both of these
contribute to lower flow resistance.
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Fig. 14 The multi-objective optimization results

However, this configuration also leads to less
enhancement in heat transfer. Conversely, solutions
in the high heat transfer coefficient region exhibit
higher pressure drops compared to the original design,
reflecting a design trade-off where increased flow
resistance might be accepted in order to improve
thermal efficiency. Fins in this region typically
feature smaller spacings and greater lengths. The
reduced spacing enhances turbulence and promotes
heat exchange, while the extended fin length
increases the heat transfer area. These combined
effects significantly improve the heat transfer
coefficient, albeit at the cost of elevated flow
resistance. The comprehensive optimization region
demonstrates improvement in both objectives, with
lower pressure drop and higher heat transfer
coefficient relative to the baseline design. Fins in this
region are characterized by moderate fin length and
relatively large spacing; this configuration maintains
sufficient heat transfer area while avoiding excessive
flow disturbance. The appropriately larger spacing
reduces flow resistance, which together with the
moderate fin length, yields adequate turbulence;
therefore, an optimal balance between pressure drop
and heat transfer performance is achieved.

To further validate the optimization results, two
extreme representative points were selected from the



Pareto solutions in the comprehensive optimization
region: these were the design with the lowest pressure
drop, and the design with the highest heat transfer
coefficient. Their structural parameters were
substituted into Fluent software for numerical
simulations; their performance was compared with
that of the original design under five different altitude
conditions. The comparative results are shown in Fig.
15. The findings demonstrate that across all tested
altitude conditions, when the pressure drop is
comparable to that of the original structure, the heat
transfer coefficient increases by approximately 23%;
conversely, when the heat transfer coefficient is
similar to that in the original design, the pressure drop
is reduced by about 17%. To provide a more intuitive
and precise comparison, the detailed performance
data and the specific percentage improvements for the
optimized designs (Point 1 and Point 2) relative to the
original design across varying altitudes are
summarized in Table S4 in the ESM. These results
confirm the effectiveness and practical engineering
value of the proposed optimization method.
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4 Conclusions

In this study we systematically investigated the
variation of the thermohydraulic performance of
staggered fin heat exchangers with altitude, focusing
on an altitude range of 0-5000 meters. On this basis, a
set of optimization methods for such fin structures
was established by integrating machine learning (ML)
and multi-objective optimization algorithms. The
results demonstrate that high altitude conditions
significantly degrade fin performance, but the
proposed ML-aided optimization framework can
effectively mitigate this issue.

First off, the increase in altitude significantly
reduces air density and pressure, leading to a
noticeable decline in the flow and heat transfer
performance of staggered fins. At an altitude of 5000
meters, the pressure drop and heat transfer coefficient
decreased by 23% and 18%, respectively, compared
to sea level; boundary layer thickening was identified
as the physical mechanism governing this
performance degradation.

Moreover, microscopic analysis indicated that
under high-altitude conditions, the near-wall
temperature and velocity gradients weaken, with the
thermal and velocity boundary layer thicknesses
increasing by 24% and 19%, respectively. These
effects led to a significant reduction in the effective
heat transfer area.

Among the three ML models evaluated, the
GBDT demonstrated the best predictive performance
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(with R? approaching 1.0 and a minimal RMSE),
making it suitable for high-precision prediction and
multi-objective optimization of fin heat dissipation
performance.

Finally, multi-objective optimization based on
the GBDT model and an improved NSGA-II
algorithm successfully achieved targeted
improvements in the staggered fin structure. For the
optimized fins in the comprehensive performance
region, validation across different altitudes
demonstrated remarkable augmentations: when their
pressure drop was comparable to that of the original
fin structure, the heat transfer coefficient increased by
about 23% under all tested altitude scenarios;
conversely, when their heat transfer coefficient
remained on par with the original design, the pressure
drop decreased by about 17% across various altitudes.
This optimized solution therefore shows promise for
heat exchanger design in high-altitude environments.
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