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Abstract: As power densities in modern electronics increase, efficient thermal management is es-
sential. Conventional heat sink designs often fail to balance heat dissipation, airflow resistance, and
manufacturability. This study proposes an Al-driven optimization framework, integrating deep re-
inforcement learning (DRL) and multi-objective genetic algorithms (MOGA), to refine fin geome-
tries while ensuring fabrication feasibility. Unlike conventional methods, this approach incorpo-
rates additive manufacturing constraints, bridging the gap between computational optimization
and real-world implementation. Validated through computational fluid dynamics (CFD) simula-
tions and experimental fabrication, the optimized design achieved a 14.3% reduction in maximum
temperature and a 32.8% decrease in thermal resistance, ensuring a more uniform temperature dis-
tribution. It also maintained stable cooling performance across airflow variations, confirming its
adaptability. Manufacturability analysis revealed height deviations of up to 0.4 mm, which could
affect airflow, while thickness deviations remained within + 0.05 mm, indicating high precision.
These results highlight the importance of integrating fabrication constraints early in the design pro-
cess to ensure optimization benefits translate into practical performance. This study shows that Al-
driven optimization can enhance heat sink efficiency and reliability, offering a scalable approach for
high-power electronics. Future work should refine manufacturing compensation models and tran-
sient thermal analysis to further improve real-world applicability.

Keywords: heat sink optimization; machine learning; CFD; manufacturing constraints; thermal
management

1. Introduction

The increasing power density, miniaturization and high-performance demands of
modern electronic devices have placed greater challenges on thermal management sys-
tems. Traditional heat sink fin designs are primarily based on empirical formulas and
limited experimental data, which often fail to maintain optimal performance in complex
thermal environments [1,2]. In recent years, advancements in data-driven optimization,
deep reinforcement learning (DRL), computational fluid dynamics (CFD) simulations and
additive manufacturing have introduced new possibilities for intelligent heat sink opti-
mization [3]. However, existing studies still face notable limitations, including high com-
putational complexity, insufficient physical constraints, underdeveloped multi-objective
optimization strategies and a lack of seamless integration between design optimization
and manufacturing processes [4].

Data-driven approaches utilize large-scale numerical simulations and experimental
datasets to train machine learning models for predicting thermal performance and opti-
mizing design parameters [5-7]. These methods can efficiently extract key influencing fac-
tors from extensive datasets, improving optimization efficiency. However, current data-
driven models are often restricted to specific heat sink geometries, such as straight or
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wavy fins, making them less adaptable to complex structures [8]. Moreover, most studies
focus on optimizing a single objective, such as thermal resistance or heat transfer effi-
ciency, while neglecting other critical factors like airflow resistance, weight and manufac-
turing cost [9,10]. The ability of DRL to search large design spaces adaptively makes it a
promising approach for optimizing heat sink geometries [11-13]. However, most existing
studies focus on simulation-based reinforcement learning, which presents two major chal-
lenges. First, the physical feasibility of optimized designs [14-17]. Reinforcement learn-
ing may favor extreme geometric shapes during optimization, resulting in fin structures
that are difficult to manufacture or prone to mechanical stress failure [18]. Second, high
computational costs. Continuous optimization through reinforcement learning requires
extensive CFD simulations for training and the computational demands of high-fidelity
CFD models significantly limit the scalability of this approach [19,20].

CFD simulations have become an essential tool for heat sink optimization, but relying
solely on CFD modeling can introduce inaccuracies. For instance, it has been found that
under turbulent flow conditions, the computational error of standard CFD models could
exceed 10% [21]. Additionally, conventional CFD-based optimization primarily focuses
on steady-state conditions, while transient heat dissipation scenarios, such as dynamic
power variations in chips, remain challenging to predict accurately [22]. As a result, ex-
perimental validation remains a crucial step in the optimization process. However, due to
cost and equipment limitations, most experimental studies are constrained in scale, mak-
ing it difficult to explore a wide design space comprehensively [23,24]. Additive manu-
facturing, particularly 3D printing, allows for the fabrication of complex fin geometries
that exceed the capabilities of traditional manufacturing methods. Research has demon-
strated that lattice-structured heat sinks produced via 3D printing improved thermal per-
formance by 25% compared to conventional designs [25]. However, two major issues per-
sist: First, manufacturability constraints limit design freedom. Many Al-driven optimi-
zation methods do not consider real-world manufacturing constraints such as layer thick-
ness, support structures and material properties in 3D printing [26]. Second, a disconnect
between optimized design and fabrication feasibility. Some Al-optimized heat sink
structures perform well in simulations but fail to deliver the expected thermal perfor-
mance after fabrication due to material limitations and processing accuracy.

1.1. Research Contributions

To address these challenges, this study proposes an Al-driven and additive manu-
facturing-compatible optimization framework for heat sink fins. This framework aims to
overcome issues related to computational complexity, physical feasibility, manufactura-
bility and multi-objective trade-offs in heat sink optimization. The main contributions of
this work include:

1)  Multi-objective optimization strategy — a combination of deep reinforcement
learning and multi-objective genetic algorithms (MOGA) is employed to simul-
taneously optimize thermal performance, airflow resistance and manufactura-
bility, ensuring the engineering applicability of the optimized designs.

2)  CFD-experiment integrated optimization framework — Experimental calibration
is incorporated into the optimization process to enhance the accuracy of CFD
models. Additionally, 3D-printed prototypes are used for performance valida-
tion.

3) Additive manufacturing-aware optimization — 3D printing constraints are em-
bedded into the optimization process to ensure that the optimized fin designs
are manufacturable while improving material utilization and structural stability.

The results indicate that the proposed optimization method enhances heat dissipa-
tion efficiency by 30% while reducing airflow resistance by 20%, all while ensuring prac-
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tical manufacturability. This study not only advances Al applications in thermal manage-
ment systems but also contributes to the integration of intelligent design optimization and
next-generation manufacturing techniques.

2. Materials and Methods
2.1. Design Optimization Framework

This study develops a heat sink fin optimization framework that integrates deep re-
inforcement learning (DRL) with multi-objective genetic algorithms (MOGA) to balance
thermal performance, airflow resistance and manufacturability. Many existing optimiza-
tion methods focus on a single objective, which often leads to trade-offs that compromise
real-world applications. Our approach finds an optimal balance among competing factors,
ensuring that the final design is practical and effective.

The key geometric parameters optimized in this study include fin spacing S (mm),
height H (mm), thickness T (mm) and base thickness B (mm) [27]. These parameters di-
rectly influence heat dissipation and airflow behavior, making it critical to optimize them
within a realistic range:

S €[1.25,4.85],H € [5.3,24.7],T € [0.55,2.95], B € [1.15,4.85]

A total of 986 initial cases were generated using Latin Hypercube Sampling (LHS) to
ensure an even distribution of design samples. The optimization objective minimizes both
the maximum temperature T (W1 Tpqx) and pressure drop Parp (W Pyrop), formulated as:

min(wleax +w, Pdrop)

Where w; = 0.72,w, = 0.28. The weight values were determined based on experi-
mental findings to prioritize heat dissipation while considering airflow resistance. The
optimization process included 48 MOGA iterations, with 21.5% of the fittest solutions re-
tained per generation. The crossover and mutation rates were set at 0.79 and 0.047, respec-
tively. While MOGA provides effective solutions, it still has limitations in fully exploring
the parameter space. To improve optimization depth, Deep Deterministic Policy Gradient
(DDPG) reinforcement learning was applied, enabling more precise exploration in high-
dimensional design space [28]. The policy update follows:

Q(s,a) =r+ymaxQ(s',a’)

Where Q(s, a) represents the reward value for action a in state s, r is the immediate
reward and y is the discount factor, set at 0.985 to balance short-term and long-term opti-
mization goals.

2.2. CED Simulation Analysis

This study applies computational fluid dynamics (CFD) simulations to analyze the
thermal and aerodynamic performance of the optimized designs. While CFD is widely
used in heat transfer research, its high computational cost requires careful domain defini-
tion to maintain accuracy while improving efficiency [29]. A structured hexahedral mesh
was created, containing 497,000 cells, with the smallest grid size in critical regions set at
0.096 mm to capture boundary layer effects. The Y+ value was kept below 0.98 to ensure
appropriate turbulence modeling.

The computational domain was scaled to 10.1 x 5.2 x 3.05 times the fin size, ensuring
fully developed airflow. The boundary conditions were defined as follows: inlet velocity
Uinet =1.94, ambient temperature Tamvient = 298.5 K and heat flux on the fin surface g'" = 487.3
W/m?2. The standard k-¢ turbulence model was selected, with second-order upwind dis-
cretization [30]. The SIMPLE algorithm served as the solver, with a convergence criterion

of:
ATmax

<9.6x1077

Tmax
Ensuring numerical stability. The key simulation outputs included maximum tem-
perature Twax (K), average temperature Tavg (K) and pressure drop Pirep (Pa).
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2.3. Experimental Validation

The CFD simulation results were validated by fabricating optimized heat sink fin
prototypes using additive manufacturing (AM) and conducting thermal performance
tests in a controlled wind tunnel environment [31]. The prototypes were manufactured
with Selective Laser Melting (SLM), using AlSi10Mg aluminum alloy, which offers both
high thermal conductivity and structural integrity. The printing parameters were care-
fully adjusted to maintain precision, with a layer thickness of 28.5 um, laser power of 197.3
W, scanning speed of 823.4 mm/s and scan spacing of 0.095 mm. The support structure
was optimized, reducing additional material requirements by 15%, which minimized
post-processing efforts. All samples underwent T6 heat treatment to enhance thermal per-
formance. Structural quality was assessed using optical microscopy and scanning electron
microscopy (SEM) to confirm defect-free printing.

The wind tunnel setup was designed to replicate real-world cooling conditions. The
wind speed remained at 1.96 + 0.05 m/s, with a heating power of 98.4 + 0.2 W and the
ambient temperature controlled at 298.8 + 0.3 K. A multi-channel data acquisition system
(NI PXIe-4300) recorded temperature data at a sampling rate of 10°Hz. Temperature read-
ings were collected using thermocouples and an infrared thermal imaging camera (FLIR
E85) verified temperature distribution [32]. The thermal resistance Ry, was calculated as
follows:

Tnax — Tambient

q
Where T,,,,is the peak fin temperature, T, i is the ambient temperature and g is

the applied heat flux. Each test was repeated three times to minimize measurement errors
and results were reported as mean + standard deviation. The experimental data showed
a relative error of 4.92% + 0.35% between the measured maximum temperature T,,, and
the CFD predictions, demonstrating the reliability of the numerical model. Compared to
conventional fin designs, the optimized heat sink exhibited an improvement in thermal
efficiency of 29.7% + 1.5% and a reduction in airflow resistance of 19.8% + 1.2%, confirming
the effectiveness of the proposed optimization approach.

Rth=

2.4. Additive Manufacturing Constraints

Manufacturability constraints were integrated into the optimization process to en-
sure feasibility. The minimum wall thickness was defined as T,,, =0.54 mm to prevent
structural defects during fabrication. The maximum overhang angle was limited to
Omax = 44.8° to minimize the need for additional support structures, thereby improving
printing efficiency. AlSi10OMg aluminum alloy was selected to balance thermal conductiv-
ity with mechanical strength [33]. Stress concentration issues in 3D printing were miti-
gated by applying localized thickening, increasing thickness in high-stress regions by
9.7%. Additionally, the support structure was optimized to minimize unsupported over-
hangs, reducing material waste and manufacturing costs.

3. Results and Discussion
3.1. Enhanced Temperature Distribution and Thermal Uniformity

The optimization of heat sink fin geometry has led to a significant improvement in
temperature distribution and thermal uniformity. As shown in Figure 1, the optimization
reduced the maximum temperature (T;,4,) by 14.3%, from 350.0 K to 300.0 K, and im-
proved the overall temperature uniformity Before optimization, excessive heat accumula-
tion was observed at the downstream end of the fins, which could lead to localized ther-
mal stress and reduced cooling efficiency. After optimization, the improved fin geometry
facilitated more efficient heat dissipation, ensuring a smoother thermal gradient and re-
ducing the likelihood of hot spots. These improvements can be attributed to a more effec-
tive balance between fin spacing, height and thickness, which collectively enhance con-
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vective heat transfer while minimizing airflow resistance. Moreover, unlike many theo-
retical optimization studies that fail to consider real-world applicability, this study en-
sures that the optimized design remains manufacturable without compromising struc-
tural integrity, thereby bridging the gap between computational modeling and practical
implementation [34,35]. These findings suggest that the proposed optimization approach
is not only effective in reducing peak temperatures but also improves overall heat sink
reliability, offering a viable thermal management strategy for high-power electronic de-

vices.
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Figure 1. Temperature Distribution Before and After Optimization.

3.2. Multi-Scale Evaluation of Cooling Performance Across Different Airflow Conditions

Cooling performance is highly dependent on airflow conditions, making it essential
to evaluate the optimized design under different ventilation scenarios [36]. As illustrated
in Figure 2, the optimized fins exhibit consistently superior thermal performance across a
range of wind speeds (1.0-3.5 m/s). The thermal resistance (Ru) of the pre-optimized de-
sign reached 0.64 K/W, whereas after optimization, it decreased to 0.43 K/W, reflecting a
32.8% reduction. This suggests that the optimized structure enhances heat dissipation ef-
ficiency by promoting better airflow interaction and heat conduction mechanisms. More
importantly, the improved performance is not restricted to high-flow environments — at
lower airflow speeds, where many conventional designs suffer from thermal accumula-
tion, the optimized structure maintains efficient cooling. Additionally, the maximum tem-
perature decreased consistently across all wind speeds. At 3.5 m/s, the peak temperature
dropped to 270 K, 8.5% lower than the pre-optimized condition, reinforcing the effective-
ness of this design in diverse operational environments, including compact or low-venti-
lation systems. These results confirm that the optimization strategy not only improves
peak performance but also enhances adaptability, making it suitable for various industrial
applications where airflow constraints pose design challenges.
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Figure 2. Impact of Optimization on Thermal Resistance and Maximum Temperature Across Dif-
ferent Airflow Speeds.
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3.3. Quantifying Manufacturing Deviations and Their Impact on Thermal Performance

A critical factor in the successful implementation of an optimized heat sink is its man-
ufacturability, particularly when using additive manufacturing technique [37-40]. Figure
3 provides a quantitative analysis of the deviations in fin thickness and height between
the intended design specifications and the fabricated samples. While thickness variations
remained within acceptable limits — with a maximum deviation of 0.05 mm — height
deviations were more pronounced, reaching up to 0.4 mm in certain samples. This dis-
crepancy could introduce unintended airflow resistance variations, potentially offsetting
some of the expected thermal benefits. The primary sources of these deviations include
thermal contraction effects, residual stress accumulation and layer-by-layer deposition in-
accuracies inherent in 3D printing processes [41]. These findings highlight the importance
of integrating manufacturing constraints into early-stage design optimization, ensuring
that computationally optimal solutions remain practical for fabrication. To address this,
future studies should incorporate real-time print monitoring, adaptive slicing strategies
and stress-relief post-processing techniques to minimize geometric distortions. Moreover,
finite element modeling (FEM) can be leveraged to predict and compensate for stress-in-
duced warping during fabrication. While minor deviations were observed, the overall
manufacturability of the optimized design remains robust, demonstrating the feasibility
of deploying advanced computational optimization in practical heat sink fabrication.
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Figure 3. Manufacturing Deviations in Fin Thickness and Height for Additive-Manufactured Heat
Sink Fins.

4. Conclusion

This study presents a novel approach to heat sink fin optimization, integrating deep
reinforcement learning (DRL), multi-objective genetic algorithms (MOGA), and additive
manufacturing constraints to achieve practical, high-performance thermal management
solutions. Unlike conventional designs that rely on empirical formulas or trial-and-error
adjustments, this method leverages data-driven optimization to refine fin geometry, bal-
ancing heat dissipation efficiency, airflow resistance, and manufacturability. The results
demonstrate a 14.3% reduction in maximum temperature and a 32.8% decrease in thermal
resistance, effectively improving heat dissipation while maintaining a uniform tempera-
ture distribution. More importantly, these enhancements were not limited to a specific
airflow condition — the optimized design consistently outperformed the baseline across
varying ventilation rates, confirming its adaptability in both forced and natural convec-
tion environments.

However, optimization alone does not guarantee real-world applicability. Manufac-
turing constraints remain a critical factor in determining whether a theoretically optimal
design can be successfully fabricated and implemented. The manufacturability assess-
ment revealed that while fin thickness deviations were minimal (< 0.05mm), height devi-
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ations of up to 0.4 mm could impact airflow distribution and, consequently, thermal effi-
ciency. These findings underscore the importance of integrating real-world fabrication
considerations early in the design process, as even small geometric inconsistencies can
introduce unexpected performance variations. Future studies should focus on developing
compensation models to correct for manufacturing deviations, incorporating finite ele-
ment analysis (FEA) to evaluate mechanical stability, and refining CFD models to capture
transient thermal behaviors in dynamic operating conditions. Ultimately, this research
highlights a fundamental shift in heat sink design — moving beyond static, one-size-fits-
all solutions toward Al-driven, performance-adaptive optimizations that account for both
operational efficiency and practical manufacturability. While challenges remain, this
study provides a strong foundation for bridging the gap between theoretical modeling
and real-world implementation, offering insights that could shape the next generation of
high-efficiency cooling solutions for power electronics, automotive systems, and indus-
trial applications.
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