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A B S T R A C T

As advancements in technology and rapid product development redefine engineering paradigms, this study 
examines the influence of innovative and bio-inspired designs on heat transfer efficiency. The research evaluates 
the thermohydraulic performance of new biomorphic pin fins employing various strategic approaches and agile 
manufacturing techniques to optimise the design process. Experimental assessments were conducted on four 
hybrid pin fin configurations within Reynolds Numbers ranging from 101 to 507 and power outputs of 150 W 
and 250W. The investigation focused on how different geometrical features impact critical performance metrics, 
including the Nusselt Number, thermal resistance, and pressure drop. Results indicate a significant enhancement 
in heat transfer performance, ranging from 25 % to 45 %, compared to traditional designs, even at lower Rey
nolds Numbers and energy consumption levels. Additionally, new empirical correlations were developed spe
cifically for these hybrid designs. Machine learning models demonstrated high accuracy in predicting the Nusselt 
Number, using Reynolds and Prandtl Numbers as key variables, achieving a mean absolute percentage error 
(MAPE) of less than 3.5 % and an R² value exceeding 0.95. Among the models evaluated, XGBoost, Random 
Forest, and Polynomial Regression exhibited superior performance with both real and synthetic data. This study 
underscores the potential of unconventional biomorphic geometries, highlighting the benefits of agile 
manufacturing and cutting-edge technologies in optimising resource use and improving predictive accuracy. The 
findings advocate for a reassessment of traditional heat sink designs and propose promising directions for future 
research in advanced sustainable thermal management.

1. Introduction

Currently, thermal management is beyond just a technical necessity 
and is a critical factor for success and sustainability. For instance, in 
electronic devices, cooling is fundamental to preventing overheating 
and safeguarding the reliability and lifespan of smartphones, micro
processors, and high-performance computing systems [1]. Similarly, the 
aerospace sector relies heavily on precise thermal control to ensure 
optimal performance and aircraft safety. Also, the automotive industry 
sees significant benefits from advanced thermal management, which 
enhances engine efficiency and extends the battery life of electric ve
hicles [2]. Effective heat transfer and management can boost machinery 
efficiency and reduce energy consumption in industrial settings.

Various cooling technologies and thermal management strategies 
have been introduced to address these sustainable needs. These range 

from traditional methods like heat sinks [3], film and flow boiling [4,5], 
and nanomaterials [6] to more sophisticated approaches such as 
microchannel heat exchangers, heat pumps, and synthetic jet cooling 
combined with the current state-of-the-art in machine learning and 
artificial intelligence [7]. Among these, micro pin-fins (MPF) stand out 
due to their capacity to expand the surface area and generate turbulence, 
making them a crucial technology in thermal management [8]. How
ever, as electronic devices continue to shrink and power densities climb, 
relying solely on traditional pin-fin geometries is unsuitable [9].

Recent works have highlighted a significant amount of research on 
pin-fin-based heat sinks, with a reliance on traditional geometries [1,10,
11]. However, the prevalence of MPFs and non-conventional or com
bined and hybrid pin-fins is an area that requires much more attention to 
gain a comprehensive understanding of their effectiveness for optimal 
performance [8]. Peles et al. [12] were among the first to examine 
micro-pin fins; they investigated heat transfer and pressure drop 
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phenomena in a micro pin-fin bank. A simplified expression for total 
thermal resistance has been derived, discussed, and experimentally 
validated. The study examined the impact of geometrical and 
thermo-hydraulic parameters on total thermal resistance, finding that 
pin-fin heat sinks can achieve very low thermal resistances comparable 
to those in microchannel convective flows. An increase in flow tem
perature significantly reduced thermal resistance. Also, another initial 
research by Siu-ho et al. [13] tested a copper micro pin-fin heat sink 
(MPFHS), finding that existing low Reynolds number correlations were 
inaccurate, highlighting the need for further research into MPF thermal 
and fluid dynamics — this is arguably still the case in recent years.

Shemelash et al. [14] addressed microprocessor cooling challenges 
by designing Fibonacci phyllotaxis circular MPFHSs. They used 
multi-objective optimisation and factorial experiments to determine 
optimal parameters: 300 μm height, 122.6 μm diameter, and 130 μm 
phyllotaxis coefficient, with a coolant velocity of 2.263 m/s. This design 
achieved a maximum temperature of 51.6 ◦C and a pumping power of 
0.191 W, showcasing superior heat dissipation. Xu et al. [15] followed a 
similar bio-inspired MPF strategy. They investigated petaloid and 
placoid MPFs, inspired by Clematis Montana and Squalus Acanthias; 
they analysed thermal-hydraulic characteristics under different condi
tions and found petaloid fins provided better heat transfer but higher 
flow resistance, while placoid fins had lower resistance but less heat 
transfer. Moreover, a new correlation for the Nusselt number and fric
tion factor showed deviations below 2.0 % and 4.5 %, respectively.

Roozbehi et al. [16] optimised the MPF geometry for improved 
performance. They varied the vertex angle and relative length and found 

that a vertex angle of 60◦ and a relative length of 1 provided the best 
results. This design improved fluid flow, reducing recirculation and 
thermal boundary layer effects, and increased the average Nusselt 
number by 24.46 % and thermal performance factor by 23.89 % at a 
Reynolds number of 1000. Qidwai et al. [17] combined microjets and 
MPF in a cooling system, optimising geometric parameters such as jet 
diameter to pin fin diameter ratio, jet diameter to standoff distance, and 
pin fin pitch. They found that vortex generation significantly influenced 
heat transfer, achieving optimal performance at specific geometric ra
tios. The jet Reynolds number had minimal impact on performance.

Gupta et al. [18] used numerical simulations and NSGA-II to opti
mise perforated MPFs with square shapes and circular perforations. 
They focused on maximising the Nusselt number and minimising the 
friction factor while varying design variables. The study found perfo
rations did not affect stiffness and provided insights into thermohy
draulic features, enhancing the understanding of complex cooling 
systems. Harris et al. [19] also numerically compared square MPFs with 
a novel biomorphic scutoid pin-fin design under different wall-heating 
conditions. The results showed that the scutoid design outperforms 
traditional pin-fins, achieving a higher heat transfer coefficient with 
lower pressure drop and operating base temperatures. Wall heating 
improved heat distribution but reduced overall heat dissipation; pres
sure drop was more influenced by pin-fin geometry than wall heating 
conditions. Also, Xie et al. [20] studied staggered diamond MPFs in 
microchannels, analysing pressure drop and heat transfer characteris
tics. They found stable vortex-wake flow at low Reynolds numbers, but 
instability at higher Reynolds numbers affected heat transfer, 

Nomenclature

Latin Symbols
A Area, m2

Cp Specific heat capacity, J/kg⋅K
D Diameter, m
Dh Hydraulic diameter, m
h Heat transfer coefficient, W/m2K
H Height, m
K Thermal conductivity, W/m⋅K
L Length, m
ṁ Mass flow rate, kg/s
N Number of points
Nu Nusselt number, no unit
Q̇ Heat energy rate, W/m2

Pr Prandtl Number, no unit
Pu Pumping power use, W
Rth Thermal resistance, K/W
Re Reynolds number, no unit
SA Surface area, m2

T Temperature, C/K
u Directional velocity, m/s
V Volume, m3

W Width, m
Z Random variable

Greek Symbols
η Efficiency, dimensionless
μ Fluid viscosity, kg/m⋅s
ρ Fluid density, kg/m3

δ Rate of change
σ Standard deviation

Subscripts/Superscripts
a air

b base
f fluid
F fin
in inlet
o outlet
s surface
th thermal
ts test section

Abbreviations
CFD Computational Fluid Dynamics
CFAS Cruciform Flower with Astroid Splitters
CFSM Cruciform Flower with Secondary Mini/Microchannels
CM Combined Model
DV Dependent Variable
EFE Exocoetidae -inspired with Filleted Edges
EN Elastic Net
ESE Exocoetidae -inspired with Sharp Edges
HTC Heat Transfer Coefficient
IV Independent Variable
KNN K-nearest Neighbours
LR Linear Regression
MAPE Mean Absolute Percentage Error
MLP Multilayer Perceptron
MPF Micro Pin-Fin
MPFHS Micro Pin-Fin Heat Sinks
MLR Multiple Linear Regression
MSE Mean Squared Error
PIF Performance Improvement Factor
PLR Polynomial Regression
RF Random Forest
RR Ridge Regression
SVR Support Vector Regression
XGB XGBoosting
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highlighting the importance of vorticity and turbulent kinetic energy in 
heat transfer.

Micro pin-fins have also been used in combination with refrigerants. 
Xu et al. [21] developed a petaloid micro pin-fin heat sink (MPFHS) to 
improve microelectronic cooling. They compared the performance of 
green refrigerants R1234ze(E) and R1234yf with R134a. R1234ze(E) 
showed the highest heat transfer coefficient and lowest frictional pres
sure drop. New correlations were created for the petaloid design, 
achieving mean deviations of 12.6 % for heat transfer and 9.9 % for 
pressure drop. Likewise, David et al. [22] investigated a micro pin-fin 
microchannel heat sink using R134a refrigerant. They found the heat 
sink maintained nearly uniform temperatures and showed a peak heat 
transfer coefficient at an exit vapour quality of 0.55. Their study intro
duced a cost-effective technique for enhanced cooling performance.

Additionally, some researchers have investigated micro-pin fins with 
nanofluids. For instance, Ambreen et al. [23] investigated how pin-fin 
shapes and nanofluids affect heat transfer in heat sinks. Nanofluids 
improved performance for all pin-fin shapes, with circular fins per
forming best. At maximum pressure drop, nanofluids led to significant 
enhancements in heat transfer, with circular, square, and triangular fins 
achieving Nusselt number improvements of 23.1 %, 16.5 %, and 8 %, 
respectively. On a separate occasion, Ambreen et al. [24] used a 
two-phase Eulerian-Lagrangian model to evaluate a MPFHS with water 
and nanofluids. They found nanofluids improved thermal performance, 
with the highest average heat transfer coefficient enhancement of 16 % 
at higher particle concentrations and optimal pressure drop. Also, 
Keshavarz et al. [25] explored the effects of nanofluids and fin distri
bution on heat sink performance. Drop-shaped fins increased outlet 
temperature slightly but reduced pumping work compared to circular 
fins. Nanofluids like Al₂O₃–water improved performance, and staggered 
fin arrangements provided higher temperatures but required more 
pumping work than in-line configurations.

MPFs are also utilised in flow boiling studies. Markal et al. [26] 
investigated the effect of inlet temperature on the boiling performance 
of two heat sinks: a conventional micro-pin-fin (HS-1) and an expanding 
pin-fin design (HS-2). HS-2 outperformed HS-1 due to its micro-pin-fin 
structure, which prevents bubble blockage and promotes efficient heat 
transfer. The expanding flow passages in HS-2 also enhance micro 
convection by accelerating bubble movement, further improving ther
mal and hydraulic performance. In another investigation, Markal and 
Evcimen [27] compared the transient performance of a micro-pin-fin 
heat sink (MD) with a conventional parallel wall heat sink (SD). MD 
outperforms SD with faster thermal stabilisation, higher heat transfer 
coefficients, lower surface temperatures, and reduced pressure drops. 
MD’s design prevents dry-out and bubble confinement, enhances 
nucleation, and improves flow stability. Despite higher pressure fluc
tuations, MD consistently delivers superior thermal and hydraulic per
formance, especially at lower inlet temperatures.

Microfluidics cooling is another area where MPF are utilised. Rajan 
et al. [28] demonstrated microfluidic cooling for 2.5-D 
system-in-packages using integrated MPFHSs and 3-D printed mani
folds. This approach effectively cooled an FPGA, maintaining core 
temperatures around 30 ◦C while dissipating 107 W of power, with a 
thermal resistance of 0.074 ◦C/W, showing promise for high-power 
applications. Sarvey et al. [29] examined microfluidic cooling with a 
MPFHS integrated into an FPGA. Using deionized water, they achieved 
an average junction-to-inlet thermal resistance of 0.07 ◦C/W, effectively 
cooling the FPGA and demonstrating the feasibility of this method for 
high-density electronic applications. Zhang et al. [30] designed a 
TSV-compatible MPFHS for high-power 3-D IC stacks, maintaining chip 
temperatures below 50 ◦C at power densities over 100 W/cm². Their 
design achieved a 33 % reduction in junction temperature compared to 
air cooling, demonstrating effective cooling for advanced ICs. Renfer 
et al. [31] utilised vortex-enhanced heat transfer in 3D chip stacks using 
TSVs and MPFs. They achieved up to 230 % increase in local Nusselt 
numbers and reduced temperature non-uniformity significantly, 

improving overall thermal performance by up to 190 %.
Other investigations to assess the MPFHS performance were by Shi 

et al. [32] who explored different nozzle shapes for a composite heat 
sink to manage high heat fluxes in chip technology. They found that 
diamond nozzles achieved the highest local heat transfer coefficient but 
had poor performance on the MPF surface. Square nozzles offered the 
best overall performance with lower thermal resistance and pressure 
drop, demonstrating effective cooling for high-heat flux chips. Han et al. 
[33] studied subcooled flow boiling in MPF arrays under varying con
ditions. They observed that the heat transfer coefficient decreased with 
increasing heat flux and identified triangular wakes post-bubble nucle
ation. Their findings emphasised the role of vorticity and flow oscilla
tions in heat transfer. Zhang et al. [34] tested silicon MPF with different 
pin sizes, achieving a maximum heat transfer coefficient of 60 kW/m²K. 
They found that pin density significantly affects performance and used 
an empirical model to explore trade-offs between electrical and thermal 
performance. Sarvey et al. [35] explored nonuniform MPF heat sinks for 
cooling integrated circuits with varying power densities. Clustering 
pin-fins over hotspots and spanning the channel width effectively 
reduced thermal resistance with a modest increase in pressure drop.

Furthermore, machine learning and artificial intelligence-related 
research is rapidly advancing in pin-finned heat sinks and thermal 
management for thermal and fluid flow predictions [36], performance 
enhancement [37], external validation [38], evaluation [39], design 
optimisation [40], temperature predictions [41], physics-informed 
neural networks (PINNs) [42], and Bayesian optimisation [43], 
amongst other applications [44–46]. However, the research focusing on 
micro pin-fins is limited. The flow characteristics from a macro to micro 
scale vary greatly depending on many external and physical factors. 
Nevertheless, some research in MPFHS and machine learning exists. For 
instance, Markal et al. [47] used machine learning to predict flow 
boiling behaviour in expanding type micro-pin-fin heat sinks 
(ETMPFHS). A new database with varying operational conditions was 
analysed using ML models, including Artificial Neural Networks (ANN), 
Support Vector Machine (SVM), Regression Trees (RT), and Linear 
Regression (LR). Results show that ANN is the most accurate for pre
dicting heat transfer, temperature, and pressure, followed by SVM, while 
RT and LR were less effective.

Lee et al. [48] employed a Multimodal machine-learning approach, 
combining boiling pattern images with geometric and operational data, 
to predict heat transfer in micro-pin fin heat sinks. Among the four ML 
algorithms tested, the Multimodal model excelled, achieving high ac
curacy with a MAPE of 1.81 % for maximum temperature and 0.84 % for 
average temperature. Zhu et al. [49] found that the conventional ma
chine learning model achieved good prediction accuracy with a 4.11 % 
deviation but was limited to the same data domain as its training data. 
By incorporating transfer learning, the model extended its applicability 
to new domains, achieving a similar accuracy with a 4.28 % deviation 
when using 70 % of new domain data. This demonstrates that transfer 
learning can effectively broaden the application range of machine 
learning models for predicting heat transfer in mini channels with micro 
pin fins.

Kim et al. [50] developed universal machine learning models to 
predict the thermal performance of micro-pin fin heat sinks with various 
geometries and operating conditions, surpassing the limitations of 
existing correlations. Using a database of 906 data points from 15 
studies, the machine-learning models were compared with traditional 
regression models. The machine learning models achieved mean abso
lute errors (MAEs) of 7.5–10.9 %, significantly improving prediction 
accuracy by approximately fivefold compared to existing correlations. 
These models also demonstrated superior accuracy for rare geometric 
shapes and operating conditions, such as triangular pin shapes or using 
R134A as a working fluid, highlighting their effectiveness in predicting 
thermal performance across diverse scenarios.

As part of our literature scanning, the Scopus database showed that 
research on heat sinks has exponentially increased, totalling 29,184 
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publications over the past 25 years. Still, there is limited exploration 
combining heat sinks with "micro pin fin" technology (458 publications) 
and even fewer integrating "machine learning" (124 publications). 
Notably, only seven publications combined "micro pin fin" and "machine 
learning" in heat sink technology, indicating a significant research gap 
and opportunity for innovation and contribution. To get an overview of 
research trends, Fig. 1 shows a comparative visualisation graph of the 
research related to heat sinks and machine learning in the last 25 years.

Furthermore, although some nature-inspired pin-fin designs exist in 
different types of heat sinks [10,15,21,51], combining hybrid MFS with 
biomorphic or bio-inspired designs can significantly impact the design 
and efficiency of heat sinks; thus, it is an area that needs further 
investigation. The lack of substantial literature in these niche areas 
emphasises the need for focused and interdisciplinary research. Inte
grating technologies like MPF and machine learning into heat sink 
design could improve cooling efficiency for electronic devices and sys
tems. Therefore, the potential findings of a combined strategy could 
strongly suggest a promising avenue for current and future in
vestigations, impacting industries reliant on effective thermal manage
ment solutions.

Therefore, based on the discussed research gaps and literature find
ings, this research aims to advance the understanding and optimisation 
of micro pin-fin (MPF) heat sink technologies by designing and experi
mentally analysing four distinct biomorphic hybrid MPF geometries. 
Utilising an agile manufacturing approach, including a detachable and 
quickly reconfigurable heat sink setup with a 3D-printed case, the 
research seeks to explore various designs efficiently. By integrating 
experimental data with machine learning models, this research also 
endeavours to develop predictive tools and design strategies that 
enhance thermohydraulic performance across various high-demand 
applications, thereby contributing to academic knowledge and prac
tical solutions. To achieve our research aim, we established a series of 
objectives. First, we designed and experimentally evaluated four inno
vative micro pin-fin (MPF) geometries to appraise their performance 
across important thermal metrics. Second, we investigated the impact of 
design shape and geometry on MPF performance to assess how the 
design variations influence overall heat transfer. Third, we created new 
empirical correlations for the best-performing hybrid biomorphic MPF 

heat sink (MPFHHS) to predict the Nusselt number and pressure drops. 
Fourth, we analysed machine learning regression models using experi
mental data to evaluate the viability of predicting thermohydraulic 
performance in future heat sinks. Finally, we critically analysed insights 
from both experimental and machine learning models to propose opti
mised MPF-based thermal management solutions, all while incorpo
rating an agile manufacturing philosophy throughout different stages of 
this research.

2. Experimental setup

The experimental setup, calibration, validation, uncertainty calcu
lations, and equipment have been detailed in our previous research 
works [52,53]; therefore, it is described here briefly for brevity and to 
avoid repetition. In our previous and current study, we assessed the 
repeatability of key parameters such as pressure drop and Nusselt 
number across multiple test runs. The coefficient of variation for these 
parameters was under 4.8 %, indicating a good level of consistency in 
our measurements. Additionally, conducting experiments at two 
different power outputs enhanced the robustness of our results, 
demonstrating good repeatability even with varying heat fluxes, as the 
differences between the results were within acceptable ranges. The un
certainty associated with the experimental setup for Reynolds Number 
and Nusselt Number was under 7 % [53].

The setup involves a closed-loop flow circulation system suitable for 
single-phase and two-phase flows, designed to study heat transfer and 
flow dynamics in mini/microchannels and micro pin-fin-based heat 
sinks. Key components include a Masterflex gear pump (GJ-N23-PF1SA, 
UK), data loggers (Thermo Fisher Scientific DT80), a flow meter (Omega 
FTB332D-PVDF, USA), a pressure transducer (Omega PX2300, USA), a 
microscope (KERN OZM-5, Germany), thermal bath (Cole Palmer Sta
bleTemp Digital Bath, UK), and a 320 W power supply. A desktop 
computer was the base for setup initiation, control, and data storage. 
The DT80 data tracker monitored temperature distribution along the 
heat sink and system inlet/outlet while maintaining the water bath 
temperature. The experimental section was positioned horizontally, 
with the heat sink’s temperature monitored by evenly spaced K-type 
thermocouples (RS-397–1589, UK) to prevent localised heating effects. 

Fig. 1. Research trend of micro pin-fin heat sinks.
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Table 1 summarises the major equipment, range, and accuracy.
The flow originates from the thermal bath, which also serves as a 

storage tank. A gear pump circulates the working fluid—deionised water 
in this case—through the pipes to the experimental section (anticlock
wise, from left to right). Along the way, the fluid passes through an 
electromagnetic flowmeter, where the flow rate is measured. A pressure 
transducer positioned behind the microscope records the pressure dif
ference between the inlet (left port) and the outlet (right port). After 
passing through the experimental section, the fluid is cooled in an air- 
cooled radiator before returning to the thermal bath and then to the 
pump for recirculation, completing the closed-loop system. Fig. 2 shows 
the setup, instruments, and the schematic diagram for better under
standing of the experimental setup’s working mechanism.

2.1. Wall temperature variations

To improve adaptability and ensure efficient changeovers in the 
experimental setup, a 3D-printed housing was created to encase the heat 

Table 1 
Experimental equipment range and accuracy.

Equipment Model Manufacturer 
(Country)

Range Accuracy

Gear Pump GJ-N23- 
PF1SA

MasterFlex 
(UK)

– ±0.1 %

Flow Meter FTB332D- 
PVDF

Omega (USA) 0.1– 1 l/min ±6 %

Pressure 
Transducer

PX2300 Omega (USA) 0 – 1 PSID ±0.25 %

Power Supply PS 
2084–10B

Elektro- 
Automatik 
(Germany)

Voltage: 0 – 84 
V

<0.2 %

​ ​ ​ Current: 0 – 10 
A

<0.3 %

Thermocouples RS- 
397–1589 
(K-type)

RS Components 
(UK)

Temperature: 
− 75 – 260 ◦C

±1.5 ◦C

Fig. 2. Details of experimental setup.
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sink/test section. The heat sinks were attached to a heating block 
equipped with six RSPro 300 W heaters along its length. RS PRO Non- 
Silicone Thermal Grease (4W/m⋅K) was applied at the contact in
terfaces to enhance heat transfer. Temperature measurements were 
taken using five K-type thermocouples placed equidistantly and parallel 
to the heating block, providing a detailed temperature profile. To assess 
the temperature distribution, any potential heat loss, and the impact of 
the thermal grease between the contact surface, an additional thermo
couple was positioned 10 mm above the heating block to monitor the 
temperature at the centre of the heat sink wall that is attached to the 
heating block. The new 3D-printed casing (FormLabs Rigid 10 K resin, 
USA) allows for quick changeovers in single-phase flow, and it is also 
adaptable to high-temperature two-phase boiling conditions due to its 
high melting point of the resin (over 170 ◦C), heat deflection tempera
ture at 0.45 MPa (218 ◦C), low thermal expansion coefficient (46 μm/m/ 
◦C for 0–150 ◦C), and ability to prevent heat loss due to low thermal 
conductivity (0.83 W/m⋅K). Given the resin’s thermal properties, tem
perature gradients between the fluid-solid interface and measurement 
points remain minimal, ensuring accurate readings without significant 
need for correction. For transient states, these material characteristics 
maintain stable temperature measurements, confirming negligible in
fluence. Fig. 3 shows the modified experimental casing, while Fig. 3
shows the dimensions and details of thermocouple and heater 
placements.

The original acrylic setup was effective in minimising heat loss. Thus, 
due to the modification, one of the primary goals was to assess wall 
temperature differences and potential heat loss under various power 
outputs (100 W, 150 W, and 250 W) as the heating block was heated 

from 20 ◦C to 100 ◦C under natural convection conditions; the dimen
sion for the heating area is (80 mm x 60 mm). The average temperature 
across the heating block wall (Tavg), measured by the five parallel 
thermocouples, as compared to the temperature at the centre of the heat 
sink wall (Tc) recorded by the additional thermocouple. Results showed 
a temperature profile difference of 2 - 3 % between Tavg and Tc at all 
power levels. As we are using the Tavg for calculation of different thermal 
parameters, it was necessary to understand the effect of the thermal 
grease layer (between the heating block and the detachable heat sink) on 
the temperature difference; hence, the value of Tc was cross-checked to 
ensure the impact was minimal.

This slight 2–3 % variation can be attributed to several factors: the 
residual thermal resistance of the thermal paste, which, despite 
enhancing heat transfer, still presents a minor barrier; differences in 
thermocouple placement, with the embedded thermocouples and the 
external one under the heat sink experiencing slightly different thermal 
environments due to height variation; and the inherent measurement 
accuracy of the thermocouples, which typically have a margin of error of 
±1.5 ◦C; this value encompasses both the inherent accuracy of the 
thermocouples, and the minor differences observed due to height vari
ation between the embedded and external thermocouples and due to the 
effect of the thermal grease layer’s conductivity. The 2–3 % variation 
can be considered acceptable as it falls within the expected range of 
measurement uncertainty and does not significantly impact the overall 
thermal performance assessment. In terms of overall heat loss of the 
system from the housing, it varied between 11 % to 16.4 % for power 
outputs of 100 W, 150 W, and 250W. Fig. 4 shows the wall temperature 
distribution at different powers with times.

Fig. 3. Housing modification for a detachable heat sink setup.
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Along with the adaptability benefits, the detachable setup promotes 
efficient material and component usage by allowing the same heating 
block to be used with different heat sink designs, enabling quick turn
over times when experimenting with various configurations. This flex
ibility is crucial for optimising thermal management solutions and 
enhances the efficiency of the experimental process — in alignment with 
the sustainable and agile manufacturing philosophy followed in this 
research. Moreover, by leveraging technologies such as additive 
manufacturing instead of traditional machining processes and 3D- 
printed resin instead of acrylic glass, this approach provides an alter
native, effective, and sustainable method for experimenting with ther
mal management and heat dissipation in electronic and mechanical 
systems, ensuring reliable performance under varied operating 
conditions.

3. Heat sink designs, rationale, and manufacturing

In this study, four distinct biomorphic micro pin-fin heat sink designs 
were developed and manufactured. Each design was inspired by bio
logical forms and tailored to optimise thermal performance by 
enhancing flow dynamics and mixing. By manipulating thermohy
drodynamic properties such as turbulence, thermal resistance, and heat 
transfer efficiency, these designs aim to improve the overall thermohy
draulic performance of the heat sinks. The key features and underlying 
thermohydrodynamic/thermohydraulic rationale for each design are 
detailed below.

3.1. Cruciform flower-inspired designs

Cruciform Flower with Astroid Splitters (CFAS): The first design 
features a cruciform flower pattern, characterised by a cross-shaped 
configuration at the centre of the heat sink. To enhance flow mixing 
and redistribution, petal-shaped and astroid-shaped splitters are inte
grated between the cruciform sections. These splitters are strategically 
placed to redirect the coolant flow into the surrounding pin-fin sections. 

From a thermohydrodynamic perspective, the design intends to: 

■ Increase Turbulence: By introducing obstructions in the flow path, 
the splitters induce turbulence, disrupting the laminar boundary 
layer and enhancing convective heat transfer;

■ Enhance Mixing: The splitters promote coolant mixing, leading to a 
more uniform temperature distribution and reducing thermal 
resistance;

■ Optimise Flow Distribution: Redirecting the flow ensures that all pin- 
fin surfaces are effectively utilised, preventing hotspots and 
improving overall heat transfer efficiency.

This design aims to balance flow distribution and mixing efficiency, 
potentially improving the interaction between flow redirection and pin- 
fin cooling surfaces to improve thermal performance.

Cruciform Flower with Secondary Microchannels (CFSM): 
Building upon the cruciform flower shape, the second design omits the 
astroid splitters. The absence of splitters allows the gaps between the 
cruciform sections to act as secondary microchannels, providing addi
tional and unrestricted pathways for coolant flow. Thermohydraulic 
considerations for this design include: 

■ Reduced Pressure Drop: The open microchannels decrease flow 
resistance, lowering the overall system pressure drop compared to 
designs with flow obstructions;

■ Laminar Flow Maintenance: The additional channels may promote 
laminar flow conditions, which can be beneficial for certain oper
ating regimes;

■ Optimised Flow Distribution: The secondary lanes facilitate more 
uniform coolant distribution, potentially enhancing thermal perfor
mance by ensuring consistent cooling across the heat sink.

This configuration is designed to evaluate the effect of secondary 
flow lanes on overall system pressure drop and heat transfer, aiming to 
find an optimal balance between enhanced mixing and effective flow 

Fig. 4. Wall temperature variations for heating block and heat sinks.
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distribution, as previous literature has reported potential benefits of 
having secondary lanes.

3.2. Exocoetidae-inspired designs

Exocoetidae-Inspired Shape with Sharp Edges (ESE): The third 
design draws inspiration from the morphology of Exocoetidae (flying 
fish), with pin fins shaped to emulate this natural form. Key features 
include: 1) Hexagonal Base: each pin fin has a hexagonal base, a shape 
known to offer favourable thermal performance due to its increased 
surface area and ability to induce turbulence; 2) Kite or Diamond- 
Shaped Fins: extending from the base are fins reminiscent of wings, 
serving to compress and expand the coolant flow, enhancing mixing and 
promoting turbulent flow; 3) Trapezoidal Tail: designed to expand the 
flow further, ensuring effective utilisation of all pin fins and minimising 
areas of stagnant flow; 4) Interspersed Circular Pin Fins: placed between 
the kite-shaped fins, these contribute to additional flow mixing by 
forming continuous expansion and convergence zones. Thermohy
drodynamic rationale includes: 

■ Controlled Flow Expansion and Compression: By manipulating the 
flow pathways, the design increases turbulence intensity, disrupting 
thermal boundary layers and enhancing convective heat transfer 
coefficients;

■ Maximised Surface Area: The complex geometry increases the con
tact area between the coolant and the heat sink, reducing thermal 
resistance;

■ Enhanced Turbulence: Sharp edges and abrupt changes in flow di
rection induce turbulence, potentially improving heat transfer; 
albeit, pressure may also increase.

This design focuses on leveraging complex geometry to optimise 
thermal management by controlling flow expansion, convergence, and 
mixing.

Exocoetidae-Inspired Shape with Filleted Edges (EFE): Retaining 
the overall geometry of the third design, the fourth design introduces 
filleted edges to the pin fins instead of sharp edges. From a thermohy
draulic and thermohydrodynamic performance consideration, the 
filleted-edged designs are intended to: 

■ Reduce Flow Resistance: Streamlining the geometry decreases 
pressure drop across the heat sink by minimising frictional losses;

■ Alter Turbulence Levels: Smoother edges may reduce turbulence 
intensity, potentially lower levels of turbulence;

■ Improve Thermal Efficiency: By decreasing flow resistance, the 
coolant can flow more freely, which may enhance heat transfer 
efficiency under certain conditions;

■ Balance Between Turbulence and Pressure Drop: The design seeks 
to maintain sufficient turbulence for effective heat transfer while 
reducing the pressure losses associated with high turbulence 
levels;

■ Thermal Resistance Reduction: Smoother flow paths may lower 
thermal resistance by facilitating more efficient heat exchange 
between the coolant and heat sink surfaces.

Fig. 5. Pin-fin dimensions and drawing.

M. Harris et al.                                                                                                                                                                                                                                  International Journal of Heat and Mass Transfer 239 (2025) 126581 

8 



By comparing the ESE and EFE designs, the study assesses the impact 
of edge geometry on flow dynamics and thermal performance, aiming to 
find an optimal balance between enhanced mixing and reduced flow 
resistance.

Fig. 5 shows the drawing and dimensions of the pin-fins. Note that all 
the heat sinks have the same base dimensions and cover the same 
effective heating area (80 mm × 60 mm); therefore, for the purpose of 
brevity, ESE design is shown as the base design.

3.3. Overview of design features and rationale

By incorporating innovative geometric elements such as astroid 
splitters, microchannels, and filleted edges, these designs contribute to a 
deeper understanding of how biomorphic-inspired hybrid pin-fin heat 
sink geometries can be utilised to advance thermal management in mi
croelectronic systems. Table 2 shows the key design features of the four 
heat sinks. The pin fins were designed in segments and distributed in 
equidistant rows and columns to ensure uniform flow distribution and 
thermal performance. The height of each pin-fin was 1mm. Fig. 6 pro
vides an overview of the design rationale and the final manufactured 
micro pin-fin heat sinks (MPFHS).

3.4. Agile manufacturing philosophy in micro-pin fin development

Practical and cost constraints influenced the manufacturing of the 
heat sinks; therefore, they were produced using 3-axis CNC milling. 
Tolerance control was a primary consideration. While a tolerance of 
0.05 mm was readily achievable, tightening it to 0.01 mm posed sig
nificant challenges, leading to exponential cost increases. Therefore, the 
design prioritised fin spacing and hole dimensions that directly impact 
manufacturability and performance, rather than tightest tolerances.

Fin spacing and height considerations: Fin spacing and height 
were critical design factors. With a 1 mm spacing and 1 mm fin height, 
the milling process divides the height into 20 layers, each milled at a 
depth of 0.05 mm. Reducing fin spacing to 0.5 mm requires the milling 
tool to make twice as many passes per layer, effectively doubling pro
cessing time and cost. The narrower spacing necessitates more frequent, 
controlled passes because the tool must remove material in smaller in
crements to prevent damage to the adjacent fin walls. This process adds 
layers or steps, ensuring accuracy and maintaining the structural 
integrity of each fin. Further reduction to 0.1 mm spacing can exceed 
equipment capabilities, making machining unfeasible due to increased 
time and expense — also going against agile philosophy.

Hole processing constraints: Hole processing constraints also 
influenced the design. The length-diameter ratio (hole length divided by 
diameter) is critical for machining ease. Holes with a ratio less than 8 are 

relatively easy to machine, but as this ratio increases, processing diffi
culty and cost rise exponentially. For very small holes (e.g., 0.5 mm 
diameter), the acceptable ratio becomes even more restrictive. These 
considerations ensured holes remained within manageable ranges for 
cost-effective manufacturability.

Inline vs staggered configuration: To further optimise 
manufacturing efficiency and reduce costs, the micro pin-fins were ar
ranged inline rather than staggered. For non-conventional pin-fins, 
inline configurations can yield better results [54]. Inline arrangements 
simplify milling paths, reducing tool movement complexity, machining 
time, and required passes. In contrast, staggered configurations demand 
more complex paths and additional passes, increasing time and cost. 
Inline setups also streamline machine alignment, making the process 
more efficient. Overall, inline designs reduce processing time, 
complexity, costs and keeps production within budget.

Integration with agile manufacturing concepts: Machining con
straints were integral to the design strategy, aligning with agile 
manufacturing principles that emphasise flexibility, rapid prototyping, 
and iterative design [55]. Understanding the exponential cost implica
tions of tight tolerances, reduced fin spacing, inline configurations, and 
challenging hole dimensions allowed the design to optimise key pa
rameters for performance without excessive cost and time. Choosing a 
3-axis milling process enabled rapid prototyping and testing of different 
iterations, quickly identifying feasible designs balancing performance 
and manufacturability. In summary, agile manufacturing concepts sha
ped the final heat sink designs by iteratively refining within practical 
constraints, achieving a balance between innovative geometry, thermal 
efficiency, and manufacturability. This approach optimised production, 
ensuring the final products could be produced timely, cost-effectively, 
and meet performance requirements.

Surface Morphology: The scanning electron microscope (SEM) 
images and 3D depth map reveal a channel and height variations up to 
646.78 µm, featuring consistent grooves typical of micro heat sink 
fabrication due to micro-machining limitations and cost-efficiency 
needs; the surface had roughness of 0.8 to 1.6 µm. While the SEM 
image shows surface textures and grooves, the 3D depth map provides a 
broader view, highlighting the overall height variations across the sur
face. The average surface channel depth of around 300–400 µm in
dicates a fairly consistent topography. This structured roughness can 
enhance heat transfer by promoting micro-turbulence, while the high 
surface homogeneity ensures minimal variation to flow and thermal 
performance. Importantly, the texture affects surface interactions 
without impacting the material’s thermal conductivity, preserving 
overall heat sink efficiency [56]. Therefore, aiming for an improved 
surface finish is neither a necessary nor cost-effective strategy, as the 
existing texture effectively supports the design’s thermal performance 
requirements. Fig. 7(a) and (b) shows the surface characteristics.

4. Data reduction

During the experimental run, data was recorded at timed intervals to 
examine the thermal performance of single-phase heat transfer. The 
recorded data included the inlet and outlet temperatures of the deion
ised water as a working fluid, along with temperatures at five equally 
spaced points within the heat sink. Parameters such as flow rate, pres
sure drop, and heat dissipation were also monitored. Additionally, 
various equations were employed to study the experimental results, 
enabling the calculation of crucial performance parameters related to 
heat transfer and thermal characteristics, including thermal resistance, 
Reynolds number, Nusselt number, and pressure drops. As mentioned in 
the earlier section, the test section was well insulated to minimise heat 
loss, therefore adapting previous works [10,53,57,58], the baseline 
governing equations for data reduction were as follows:

Convective heat transfer rate (Q): 

Q = mċp(Tout − Tin ) (1) 

Table 2 
Summary of key design feature details.

Design PF 
Segments

Total 
No. of 
PFs

Geometry Type Interreuptor PF Area 
(mm²)

EFE 108 (12 ×
9)

520 Hexagon, Kite, 
Trapezoid (0.2 
mm filleted edges)

Cylindrical 
(1mm) 
Total = 88 
(11 × 8)

2468

ESE 108 (12 ×
9)

520 Hexagon, Kite, 
Trapezoid (no 
fillets)

Cylindrical 
(1mm) 
Total = 88 
(11 × 8)

2675

CFSM 72 (12 ×
6)

792 Curved Arcs;(90◦

angled segments); 
petaloid 
rectangles

Secondary 
lanes (2mm) 
Total = 5 (5 ×
1)

3122

CFAS 72 (12 ×
6)

852 Curved Arcs (90◦

angled segments); 
petaloid 
rectangles

Astroid (√2 
mm) 
Total = 60 
(12 × 5)

3410

M. Harris et al.                                                                                                                                                                                                                                  International Journal of Heat and Mass Transfer 239 (2025) 126581 

9 



Fig. 6. Heat sink designs and inspirations.

Fig. 7. (a) SEM Image, (b) 3D Surface Depth.
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where Tin and Tout , ṁ and cp refers to the inlet and outlet temperature, 
mass flow rate, and coolant’s specific heat capacity respectively

To calculate density, specific heat, and viscosity, the mean fluid 
temperature (Tm) is given by: 

Tm =

(
Tin + Tout

2

)

(2) 

Although the current designs have some degree of developing flow 
due to the inlet entrance, Eq. (2) provides reliable calculations with 
minimal errors, as highlighted in past research [54,57,59].

Characteristics Length (L) or Hydraulic diameter (Dh): 

L = Dh =
4A
P

(3) 

where A is the cross-section area and P is the perimeter of the inlet area 
available for flow and exposed to the pin fins.

Reynolds Number (Re): 

Re =
ρvL
μ (4) 

where ρ, v, μ are fluid density, velocity, and viscosity, respectively
Wall Temperature (Tw): 

Tw = Tb −

(
QLx

ksAw

)

(5) 

Aw = Lts × Wts (6) 

where Tb temperature below the channel wall (cw); Lx is the distance 
from the base to cw; ks is the thermal conductivity of the heat sink; Aw is 
the surface area of the cw given as a product of the length (Lts) and width 
(Wts) of the test section covered by the pin fins within the heat sink.

The logarithmic mean temperature difference (LMTD): 

LMTD =
(Tw − Tin) − (Tw − Tout)

ln
[

(Tw − Tin)
(Tw − Tout )

] (7) 

The LMTD approach provides a representative average driving force 
for heat transfer across the length of the heat sink, capturing the effects 
of this temperature variation more accurately than a constant wall-to- 
fluid temperature difference.

Effective fin area (Aeff ): 

Aeff = NAf Hf + Aw (8) 

where N is the number of fins or fin sections
Convective heat transfer coefficient (h) 

h =
Q

Aeff × LMTD
(9) 

Nusselt Number (Nu) 

Nu =
h × Dh

kf
(10) 

where kf is the thermal conductivity of the fluid
Thermal Resistance (Rth): 

Rth =
LMTD

Q
(11) 

Pressure drops (ΔP): 

ΔP = (Pinlet − Poutlet) (12) 

Pumping Power Usage (Pu): 

Pu =
ΔP × ṁ

ρ (13) 

5. Results

5.1. Nusselt number

The Nusselt number (Nu) is an important dimensionless parameter 
that helps to quantify convective heat transfer between fluid and solid 
surfaces. Nu varies with fluid flow conditions, providing insights into 
fluid behaviour. When Nu equals 1, heat transfer by conduction equals 
that by convection. Nu values of >1 imply more efficient heat transfer by 
convection, highlighting effective cooling mechanisms. The study 
evaluated the heat transfer efficiency of four micro pin-fin heat sink 
designs — EFE, ESE, CFSM, CFAS — by calculating their Nusselt 
numbers (Nu) across Reynolds numbers (Re) ranging from 101 to 507, 
with a power output of 150 W and 250W. Fig. 8(a)-(d) shows the Nu 
performance of the designs.

Looking at Fig. 8(a) and 8(b), the results show that the filleted design 
(EFE) steadily increased in Nusselt number from 8.4 to 8.9 at Re 101 to a 
maximum of 12.4–12.9 at Re 507, indicating improved heat transfer 
efficiency with higher flow velocities. However, the overall Nu values at 
250 W are around 4–5 % lower than at 150W. In comparison, the edged 
design (ESE) shows a more moderate increase in Nusselt number, from 
7.6 to 7.9 at Re 101 to 9.6–10.2 at Re 507, suggesting that the sharp 
edges provide less significant improvement in heat transfer compared to 
the filleted design. For ESE, the overall Nu is also lower at 250 W than 
150W.

The CFSM design demonstrated the lowest Nusselt numbers, 
increasing from 5.2 to 5.3 at Re 101 to 8.0–9.1 at Re 507, indicating 
lower effectiveness in enhancing heat transfer. For CFSM, the heat 
transfer efficiency shows a different trend than other designs, with the 
overall Nu being more effective at 250 W than 150W. The CFAS design, 
featuring astroid splitters, achieves the second-highest Nu overall and 
the highest Nu at lower Re values, ranging from 8.8 to 9.8 at Re 101. At 
max Re value, the Nu ranges from 12.1 to 12.5 at Re 507, indicating 
superior heat transfer performance relative to the two other designs. As 
observed with the other two designs, the heat transfer efficiency is 
slightly better at 150 W than at 250W.

Overall, across both power outputs, the EFE and CFAS designs 
consistently demonstrated the highest Nusselt numbers, confirming 
them as the most efficient designs for heat transfer. The CFAS design 
performs well initially but shows signs of a gradual decrease in heat 
transfer efficiency at higher Reynolds numbers and power outputs. The 
ESE design provides moderate performance with steady but limited 
improvements, while the CFSM design is the least effective.

To further evaluate the performance of the new designs, the Nusselt 
number (Nu) results of the two best-performing designs at 150 W were 
compared with those reported in the existing literature, as shown in 
Fig. 8(c). Also, to gain a more comprehensive understanding, different 
setup strategies were considered. For instance, Ali and Arshad [57]` 
examined conventional square pin fins arranged in inline and staggered 
configurations using both water and nanofluids. Their experiments were 
conducted at a power output of 192 W within a Reynolds number (Re) 
range similar to this study. However, since this current research focused 
on an inline configuration and did not involve nanofluids, the first 
comparison was limited to their inline square fin setup with water as the 
working fluid. The second study considered micro pin fins from the 
research of Ambreen and Kim [59], who experimented with hexagonal 
pin fins—a key feature of ESE and EFE designs—and conducted within a 
Re range of 250 to 550. However, because they did not provide Nu 
performance values using water, their use of nanofluids for performance 
enhancement was taken as an additional basis for comparison.

Moreover, Chai et al. [60] investigated a three-dimensional numer
ical model of a non-conventional interrupted microchannel heat sink 
with mixed geometries. They explored the effects of pressure drop and 
heat transfer characteristics resulting from various dimensions and po
sitions of rectangular ribs within transverse microchambers. Although 
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their research focused on microchannels, the presence of interrupted 
and varied geometries makes it a valuable basis for comparison with this 
study. Additionally, the mixed geometry with interruptions in Chai 
et al.’s [60] design can be appraised against the new designs, which also 
feature mixed geometry with asteroid splitters/cylindrical interrupters. 
Lastly, Uddin and Sifat [61] analysed the thermo-hydraulic character
istics of Mini-Channel Heat Sinks (MnCHS) featuring different secondary 
channel shapes—rectangular, oblique, and curvy—across a Re range of 
150 to 1050; however, for a more like-for-like comparison, their Re 
values will be limited to 550 as the current research investigates Re 
values between 100 and 500. In summary, the four studies with com
parable strategies implemented in various types of heat sink setups 
provided a solid foundation for performance evaluation.

Additionally, to focus on both the maximum and minimum perfor
mances, Fig. 8(d) shows the performance comparison of the EFE and 
CFAS designs with those from extant literature at the lowest Reynolds 
number (requiring the least pumping power) at 250W. The key findings 
were: 

■ EFE Design: The EFE design shows a significant enhancement in 
performance, with improvements ranging from 23 % to 42 % over 
the designs presented in the literature. The highest enhancement (42 
%) is observed when compared with the design by Ali & Arshad, 
suggesting that the design offers substantially better heat transfer 
efficiency. Additionally, when comparing at the highest Re Number 
and pumping power, the EFE and CFAS designs show over 140 % Nu 
enhancement compared to the inline rectangular pin-fins of Ali & 

Arshad. Even the lowest enhancement of 23 % against Chai et al. 
[60] still represents a meaningful improvement, highlighting the 
efficacy of the EFE design.

■ CFAS Design: At lower Re, the CFAS design performs slightly better 
than the EFE design, with enhancements ranging from 27 % to 45 % 
compared to the literature. The maximum improvement of 45 % over 
Ali & Arshad demonstrates that the CFAS design is particularly 
effective, likely due to its ability to manage fluid flow and surface 
interaction more efficiently. The lowest improvement of 27 % 
against Chai et al. [60] still exceeds the performance, reaffirming the 
superior performance of the CFAS configuration.

The performance comparison with existing literature indicates that 
the EFE and CFAS designs developed in this study offer substantial en
hancements in Nusselt number at 250 W compared to previously re
ported designs. The CFAS design, in particular, outperforms the EFE 
design at lower Re, but the EFE design outperforms CFAS overall, 
making it the most effective in enhancing heat transfer efficiency. This 
comparative analysis further validates the effectiveness of these inno
vative heat sink designs and suggests that they could offer significant 
advantages in practical applications where efficient thermal manage
ment is critical.

5.2. Thermal resistance

Thermal resistance, a key factor in heat transfer analysis, defines the 
resistance a system presents to heat flow. Reducing thermal resistance is 

Fig. 8. (a)-(d) Nusselt Number comparison.
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crucial for improving heat transfer efficiency and ensuring electronic 
devices and other heat-generating systems operate safely. This study 
measured thermal resistance across different heat sink designs—EFE, 
ESE, CFSM, and CFAS—under various flow rates (Reynolds numbers) 
and heating powers (150 W and 250 W). Fig. 9(a)-(b) shows the thermal 
resistance trend for 150 W and 250W.

As anticipated, thermal resistance generally decreased with 
increasing Reynolds numbers, signifying enhanced heat dissipation at 
higher flow rates. At 150 W, the CFAS design consistently exhibited the 
lowest thermal resistance, recording a minimum value of 0.0333 K/W at 
Re = 507. This superior performance can be attributed to the CFAS 
design’s optimised surface area and fluid flow channels, which likely 
promote more effective heat transfer. In contrast, the CFSM design 
showed the highest thermal resistance, reaching 0.0821 K/W at Re =
101. The higher resistance in CFSM could be due to less efficient fluid 
flow patterns, leading to reduced surface heat removal.

The EFE and ESE designs displayed thermal resistance values be
tween CFAS and CFSM data, with EFE generally outperforming ESE. This 
suggests that the EFE design may have better thermal contact or more 
favourable flow characteristics than ESE, though not as optimised as 
CFAS.

At 250 W, a similar pattern was observed: CFAS continued to 
outperform the other designs, achieving a thermal resistance of 0.0343 
K/W at Re = 507, while CFSM again showed the highest resistance, 
especially at lower flow rates, with 0.0815 K/W at Re = 101. The slightly 
higher thermal resistance across all designs at 250 W compared to 150 W 
could be due to the increased heat load, which might exacerbate the 
inefficiencies in heat transfer, particularly in designs like CFSM.

The results highlight that among the tested configurations, CFAS is 
the most effective in minimising thermal resistance, particularly at 
higher flow rates. This efficiency likely stems from its design, which 
facilitates better fluid distribution and heat removal. Conversely, the 
CFSM design’s higher thermal resistance suggests potential areas for 
improvement in its thermal management strategy, such as enhancing 
flow uniformity or increasing surface area contact.

The apparent dependence of thermal resistance on heat input (Q) in 
the pin-fin heat sinks likely results from slight temperature-induced 
variations in fluid properties, which can affect convective heat trans
fer. Additionally, some effect arises from the thermal properties of the 
thermal grease layer used, as its conductivity and thickness can influ
ence overall thermal resistance, particularly at higher heat fluxes. 
Regarding the potential for mixed convection, we calculated the Grashof 
and Rayleigh numbers and found them to be relatively low, indicating 
that natural convection effects were negligible in our single-phase flow 
setup. Consequently, mixed convection was not a contributing factor, 
and the system remains governed by forced convection.

5.3. Pressure drop and energy consumption

In the design and evaluation of heat sinks, understanding pressure 
drop values, pumping power requirements, and energy consumption is 
essential for optimising performance and operational costs. Pressure 
drop measures the resistance to fluid flow through the heat sink, which 
affects the amount of pumping power needed to maintain adequate 
coolant circulation. Higher pressure drops usually result in greater en
ergy consumption, influencing the overall efficiency and cost- 
effectiveness of the cooling system. Thus, balancing these trade-off 
factors is important for selecting the most appropriate heat sink design 
for a given application.

The analysis of heat sink designs—EFE, ESE, CFSM, and CFAS—was 
conducted at both 150 W and 250 W heating powers. Fig. 10(a)-(d) 
presents the data related to pressure drops and associated parameters. 
Although the values were assessed for both power outputs, the differ
ences between them were minimal, as seen from Fig. 10(a) and 10(b), so 
the results primarily focus on the higher heat flux/power output of 250 
W data for clarity and brevity purposes.

The ESE design, with sharp-edged micro pin-fins, demonstrates the 
second highest pressure drop among the designs, measuring 350.6 Pa at 
Re = 101 and reaching 4001 Pa at Re = 507. This significant resistance 
to fluid flow translates into a high pumping power requirement of 60.1 
mW. Consequently, the ESE design has one of the lowest energy effi
ciencies, consuming 1 kWh of energy in 692.8 days. The sharp edges 
create substantial turbulence and flow disruption, potentially leading to 
increased pressure drop and operational costs.

Conversely, the CFSM design features a secondary flow lane between 
the pin fins, which helps to alleviate some of the flow resistance. This 
results in a moderate pressure drop of 220 Pa at Re = 101 and 3340 Pa at 
Re = 507. Despite this moderate pressure drop, the CFSM design re
quires a lower pumping power of 50.2 mW. It demonstrates the longest 
energy consumption time of 830.3 days for 1 kWh, indicating better 
overall energy efficiency.

The EFE and CFAS designs excel in heat transfer performance, as 
indicated by their high Nusselt numbers (Nu). The EFE design, with its 
curved filleted edges, achieves a pressure drop of 160 Pa at Re = 101 and 
3463 Pa at Re = 507. This design strikes a balance by minimising flow 
separation and turbulence, requiring 52 mW of pumping power and 
consuming 1 kWh of energy in 800.6 days. The energy consumption is 
relatively low, considering its effective thermal performance. Similarly, 
the CFAS design incorporates splitter inserts between the flow lanes to 
enhance heat transfer efficiency. However, this design leads to the 
highest pressure drop of 216 Pa at Re = 101 and 4224 Pa at Re = 507. It 
requires 63.5 W of pumping power and consumes 1 kWh of energy in 
656.3 days. Although CFAS shows a higher resistance compared to EFE, 

Fig. 9. (a)-(b) Thermal resistance performance.
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its energy consumption remains still manageable and justifiable due to 
its thermal performance.

While designs like EFE and CFAS exhibit higher pressure drops, their 
overall performance justifies these trade-offs. The EFE design offers an 
effective balance between heat transfer efficiency and energy con
sumption, making it a cost-effective choice despite its moderate pressure 
drop. The CFAS design, although it incurs a higher pressure drop and 
pumping power, provides good thermal performance, and its overall 
energy consumption remains relatively low as shown in Figs. 10(c) and 
10(d). Thus, despite the higher pressure drops, the energy consumption 
metrics of both EFE and CFAS align well with their heat transfer benefits, 
making them acceptable choices depending on the specific needs of the 
application.

5.4. Effect of fin shape on thermohydraulic performance

The thermohydraulic performance of heat sinks is closely tied to the 
geometric design of the fins, which influences the flow dynamics, heat 
transfer efficiency, and pressure characteristics of the system. This sec
tion discusses how different micro pin-fin heat sink designs—EFE, ESE, 
CFSM, and CFAS—affect key performance metrics such as the Nusselt 
number, thermal resistance, and pressure drop, offering insights into the 
underlying physics that drive these outcomes.

In this study, the EFE design, which features filleted (curved) edges, 
consistently achieved the highest Nu values across a range of Reynolds 
numbers (Re). The rounded edges in the EFE design likely facilitate 
smoother fluid flow over the fin surfaces, reducing the formation of 

turbulent wake regions that can disrupt the thermal boundary layer. By 
maintaining a more stable and attached flow, the EFE design enhances 
convective heat transfer by maximising the effective surface area 
exposed to the fluid and minimising thermal resistance at the interface.

In contrast, the ESE design, characterised by sharp-edged fins, 
demonstrated lower Nu values. The sharp edges likely induce early flow 
separation, creating vortices and turbulent wake regions that, while 
increasing local heat transfer, disrupt the overall flow pattern and 
reduce the effective surface area available for heat exchange. The 
increased turbulence can lead to higher localised heat transfer. It also 
introduces inefficiencies by causing larger pressure gradients and non- 
uniform heat transfer distribution, resulting in a less effective overall 
convective HTC than the EFE design.

The CFSM design, which incorporates secondary flow lanes, exhibi
ted the lowest Nu values among the designs. The secondary lanes led to 
less direct fluid interaction with the fin surfaces, reducing the overall 
heat transfer coefficient. These lanes might cause the fluid to bypass 
certain areas of the fins, leading to lower surface area utilisation and 
weaker convective heat transfer. The design may also create a more 
complex flow path, increasing the residence time of the fluid without 
significantly enhancing heat transfer, resulting in a lower Nu.

The CFAS design, with its innovative astroid splitters, achieved the 
second-highest Nu values, particularly at lower Re. The splitters likely 
act to increase turbulence in a controlled manner, enhancing mixing and 
ensuring that cooler fluid is continually brought into contact with the 
hot surfaces. This design likely improves the surface interaction of the 
fluid, increasing the effective convective heat transfer area and leading 

Fig. 10. (a)-(d) Pressure drop and pumping power comparison.
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to higher Nu values. However, at higher Re, the increase in turbulence 
might lead to diminishing returns, as excessive turbulence could disrupt 
the flow too much, reducing the overall heat transfer efficiency.

Thermal resistance measures a heat sink’s ability to dissipate heat, 
with lower values indicating better performance. The CFAS design 
consistently exhibited the lowest thermal resistance, particularly at 
higher Re. The design’s astroid splitters likely optimise the flow paths 
within the heat sink, ensuring a more even distribution of the fluid over 
the surface area. This enhanced fluid distribution reduces hotspots and 
maximises the contact between the fluid and the fin surfaces, leading to 
more efficient heat removal and, consequently, lower thermal resis
tance. The complex geometry increases the effective surface area 
without significantly impeding fluid flow, which helps in maintaining 
low thermal resistance.

In contrast, the CFSM design showed the highest thermal resistance, 
particularly at lower Re. The design’s secondary flow lanes might cause 
non-uniform flow distribution, leading to areas of stagnant flow where 
heat builds up. The reduced surface area contacts due to the flow 
bypassing certain regions result in inefficient heat removal, thereby 
increasing thermal resistance. Additionally, the potential for flow 
recirculation within the secondary lanes could further impede heat 
transfer by trapping hot fluid in certain regions, worsening the thermal 
resistance.

The EFE and ESE designs exhibited intermediate thermal resistance 
values, with the EFE generally outperforming the ESE. The filleted edges 
of the EFE design likely promote smoother fluid flow and better surface 
contact, reducing thermal resistance compared to the ESE design. The 
sharper edges in the ESE design may cause flow disruptions that limit the 
effectiveness of heat removal, leading to higher thermal resistance. 
These flow disruptions could cause uneven temperature distribution on 
the fin surfaces, further contributing to increased thermal resistance.

Pressure drop is a critical factor in the design of heat sinks, as it in
fluences the energy required to pump the coolant through the system. 
The ESE design, with its sharp-edged fins, exhibited one of the highest 
pressure drops. The sharp edges likely cause significant turbulence and 
flow separation, which increases the resistance to fluid flow. This 
increased resistance requires more pumping power to maintain the 
desired flow rate, leading to higher energy consumption. The substantial 
pressure gradients created by the sharp edges increase the energy 
required to overcome these resistances, making the ESE design less 
energy-efficient in long-term operation.

On the other hand, the CFSM design, featuring secondary flow lanes, 
demonstrated a moderate pressure drop and the lowest pumping power 
requirement. The secondary lanes likely help streamline the flow by 
providing alternate paths, reducing the overall resistance to fluid flow. 
This design, while not maximising heat transfer, offers better energy 
efficiency due to the lower pressure drop, which translates to reduced 
pumping power and lower operational costs. The trade-off here is be
tween reduced heat transfer and improved energy consumption.

The EFE design, with its filleted edges, achieved a balance between 
pressure drop and thermal performance. The rounded edges minimise 
flow separation and reduce turbulence, leading to a moderate pressure 
drop. This design’s ability to maintain efficient heat transfer while also 
reducing the pressure drop makes it a cost-effective option, as it requires 
less energy for pumping while still providing good thermal performance.

The CFAS design, though resulted in the highest pressure drop, 
maintained an acceptable energy consumption due to its superior ther
mal performance. The complex geometry with astroid splitters enhances 
heat transfer but at the cost of increased flow resistance. The high- 
pressure drop indicates that the design creates substantial flow disrup
tions, likely due to the intricate flow paths around the splitters. How
ever, the improved heat transfer efficiency justifies the higher pumping 
power required, making it suitable for applications where maximising 
heat dissipation is critical, even at the expense of higher energy use.

Therefore, the shape of the fins plays a crucial role in determining the 
thermohydraulic performance of micro pin-fin heat sinks. Designs like 

EFE, which offers a balance between smooth fluid flow and efficient heat 
transfer, tend to perform well across all metrics, while more complex 
designs like CFAS can push the limits of heat transfer at the cost of higher 
pressure drops. Understanding the interplay between these factors is 
essential for optimising heat sink design to meet specific thermal man
agement needs.

While a comprehensive comparison including thermal resistance and 
pumping power is beneficial, it is challenging to produce a direct, like- 
for-like comparison with conventional heat sinks from the literature due 
the varying flow rate, leading to massively different Re and pumping 
power, and configurations across studies. Additionally, most studies in 
the literature do not compare thermal resistance across different in
vestigations; instead, they typically compare thermal resistance between 
designs within the same study. Many comparative studies also do not 
consistently report values for parameters like pressure drop, further 
complicating direct comparisons. However, to provide a combine ther
mohydraulic comparison, we have incorporated a performance 
improvement factor (Eq. (14)) relying on Nusselt number and pressure 
drop to provide relevant heat transfer enhancement; to achieve this we 
have used the experimental values of [15]. The results show that 
compared to circular pin-fins, the new designs EFE and CFAS, show a 
combined improvement of 1.30 and 1.33 respectively. Therefore, this 
further highlights the effectiveness of the mixed geometries in providing 
a balanced thermohydraulic improvements.

Performance Improvement Factor (PIF): 

PIF =

(
Nu(nc)
Nu(bc)

)

(
ΔP(nc)
ΔP(bc)

)1
3

(14) 

Where nc refers to the new case, and bc is the base case (circular fins) 
gained from the experimental results of [15].

5.5. Building empirical correlation models

The currently available empirical correlation models, including 
classical models developed by Shah [62] or London or Kosar, et al. [63], 
are not suitable for the new types of hybrid micro pin fin geometries, 
even if they initially show good agreement at lower Reynolds numbers. 
These traditional models, designed for simpler microchannel or pin-fin 
configurations, fail to account for the complex flow dynamics intro
duced by the intricate geometries of hybrid micropin setups. While Xu 
et al.’s correlation, tailored for petaloid geometries, demonstrated 
reasonable accuracy at lower Reynolds numbers, its applicability di
minishes as the flow approaches the transitional regime. In this study, 
the flow transition occurs between Reynolds numbers 300 and 400, a 
range where flow behaviour becomes unstable and difficult to model 
accurately. Xu et al’s [15] correlation, developed for a broader range of 
300 to 1500, reports turbulence around a Reynolds number of 900. 
However, existing literature suggests that transitional regimes can begin 
at Reynolds numbers greater than 300 [64]. This transitional behaviour 
is evident in the graphs of Nusselt number (Nu) and thermal resistance, 
where the values show only limited increases or massive fluctuations.

Although MSE is a commonly used metric, this research primarily 
focuses on R² and MAPE values due to the different data scales between 
Rth, Nu, and pressure drops. MAPE values are more generalisable when 
the data ranges vary significantly in magnitude. Hence, the breakdown 
of the equations for calculating MSE, MAPE, and R² are as follows:

The R2 (R-squared) is a statistical measure that represents the pro
portion of the variance in the dependent variable that is predictable 
from the independent variables given by this equation: 

R2 = 1 −

∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (15) 
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Where: 

• n is the number of data points.
• yi is the real value for ith data point.
• ŷi is the prediction for ith data point.
• y is the average of the real values.
•
∑n

i=1
(
yi − ŷi

)2 is the sum of squared errors.

•
∑n

i=1
(
yi − y

)2 is the total sum of squares (the total variance in the 
actual values).

The Mean Absolute Percentage Error (MAPE) is a measure of pre
diction accuracy in a model. The equation calculates the average of the 
absolute percentage errors between actual and predicted values, 
expressed as a percentage. The equation for MAPE is: 

MAPE =
1
n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒× 100 (16) 

Where: 

• yi is the real value for ith data point.

• |
yi − ŷ i

yi
| is the absolute percentage error for the ith data point.

The Mean Squared Error (MSE) is used as a quality measure for a 
model estimator; it calculates the average of the squared differences 
between actual and predicted values, given by: 

MSE =
1
n
∑n

i=1
(yi − ŷi)

2 (17) 

•
(
yi − ŷi

)2 is the squared error for the ith data point.

Despite the limitations of existing correlations, the experimental 
values from this research remain robust, with the Mean Absolute Per
centage Error (MAPE) between Nu, thermal resistance (Rth), and pres
sure drops ranging between 2.5 % to 7.5 % for power levels of 250 W and 
150W. This indicates that the experimental data are consistent and 
reliable. Notably, the Nusselt number is slightly lower at 250 W 
compared to 150 W, which can be attributed to the increased thermal 
load at higher power levels. This higher thermal load may lead to 
elevated fluid temperatures and reduced heat transfer efficiency due to 
changes in fluid properties or boundary layer effects under these con
ditions. Therefore, while existing correlations fall short in predicting the 
behaviour of hybrid micro pin-fins, the experimental results are robust 
and give valuable performance insights.

Nonetheless, to develop new correlation models, the data and pa
rameters were combined to assess the Pearson correlation between 

Fig. 11. Correlation matrix for parameters.
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various dependent and independent variables (DVs and IVs). Fig. 11
shows the correlation matrix, where it is evident that Nu, Re, pressure 
drop (PD), and power (Pu) have strong positive correlations, while Rth 
has a strong negative correlation. In many empirical correlation models, 
Nu is calculated using Reynolds number (Re) and Prandtl number (Pr). 
The Pr for the flows were calculated depending on the temperature; 
however, the Pr values vary inconsistently across different models, with 
only the EFE model showing any significant correlation between Nu and 
Pr. This inconsistency further highlights the complexity of the dataset 
and the intricate underlying physics. To determine if Pr significantly 
influences the dataset, a principal component analysis (PCA) was con
ducted for feature engineering and to ensure that any power law cor
relation equations developed are robust and generalisable.

Principal Component Analysis (PCA) is a dimensionality reduction 
technique used to identify key parameters which influence variability in 
the original dataset. Although domain knowledge suggested that Nu, PD, 
Re, and Pr are key variables [63,65], the irregularity and weak corre
lations of Pr warranted the application of PCA as an additional confir
mation. PCA was applied to identify the key variables that contribute 
most to the variability in the dataset, which is composed of different 
power configurations and thermal performance metrics. The strategy 
involved standardising the data to ensure each feature contributed 
equally to the PCA. PCA was then performed, and the first two principal 
components were analysed, as they typically capture the most variance 
in the data. The loadings of the variables were examined to determine 
which had the most influence on these principal components. Generally, 
variables with the highest absolute loading values in the first two 
components are considered the most impactful, providing insight into 
the underlying structure of the data and allowing for a more focused 
analysis of the key factors driving the observed patterns.

In this case, Rth and Nu were the most influential. Nevertheless, the 
other three factors—Re (0.77), PD (0.76), and Pr (0.74)—showed strong 
and closely matched loading values to Nu (0.80). Therefore, the PCA 
confirmed the inclusion of Pr as a parameter in forming empirical cor
relations for the new hybrid micro pin-fins. However, since CFAS and 
EFE were the two best-performing configurations from the two types of 
MPFHS setups, power law empirical equations were derived for them, 
along with their MAPE and R² values, to demonstrate the model’s ac
curacy and variations. Table 3 presents the new empirical correlation 
equations created using Python and power law equations for the best- 
performing Cruciform and Exocoetidae-inspired biomorphic heat sinks

5.6. Machine learning-driven analysis

This research employs machine learning algorithms for investigative 
data analysis and to enhance validation of the dataset; thus, providing 
an in-depth description of each algorithm goes beyond the scope of this 
paper. Furthermore, these algorithms have been extensively discussed in 
the existing literature [10,66–68]. The experimental data results and 
subsequent empirical correlations yielded high R² values. Therefore, a 
key point of interest was determining whether machine learning algo
rithms could provide more accurate Nu predictions using Re and Pr and 
if they can better capture the complex data patterns to show the exis
tence of meaningful relationships and valid patterns in the dataset. As a 
result, 10 different types of regression models were used.

Firstly, Linear Regression (LR) models the relationship between 
dependent and independent variables (DV and IV) by fitting a straight 

line. On the other hand, Polynomial Regression (PLR) extends LR by 
modelling non-linear trends through polynomial relationships. XGBoost 
(XGB) is an optimised version of a gradient boosting algorithm that 
enhances prediction accuracy via ensemble learning, and it is highly 
efficient for structured data. Random Forest (RF) is another ensemble 
learning method that improves prediction accuracy and robustness by 
averaging outputs from multiple decision trees. On a different note, 
Support Vector Regression (SVR) leverages support vector machines to 
make predictions by finding the optimal hyperplane to minimise errors. 
K-Nearest Neighbours (KNN) predicts values by averaging the outputs of 
the closest data points, offering a simple yet effective approach. Ridge 
Regression (RR) is a regularised version of linear regression that adds a 
penalty on high coefficients to reduce overfitting; Elastic Net (EN) 
combines the penalties of Ridge and Lasso regression, balancing vari
ance and bias. MLP Regression, based on a multi-layer perceptron, uses 
neural networks to model complex, non-linear relationships in data. 
Lastly, a Combined Model (CM) blends multiple models to enhance 
prediction accuracy by leveraging their strengths — in this case, it 
combines MLP, KNN, and LR. The reason multiple different models are 
compared against each other is to assess and address any overfitting 
issues. Table 4 shows the initial model performances.

The performance of various predictive models for tNusselt number 
(Nu) based on Reynolds number (Re) and Prandtl number (Pr) revealed 
significant differences in accuracy and reliability. They were categorised 
into four different categories discussed in the following paragraphs.

Very High Accuracy Models, Possible Overfitting (R² > 0.95), include 
XGBoost, Polynomial Regression, and Random Forest. XGBoost stands 
out with a perfect R² of 1.00, therefore there is overfitting. However, its 
near-zero MSE and MAPE indicate that it effectively minimises predic
tion errors and handles the non-linearity and interactions between Re 
and Pr adeptly, and, thus, is too reliant on this dataset. Polynomial 
Regression also performs exceedingly well with an R² of 0.9950, 
leveraging polynomial terms to capture intricate relationships between 
the variables. This model’s high performance is due to its flexibility in 
fitting complex patterns, despite a slight increase in error metrics 
compared to XGBoost. Random Forest achieves an R² of 0.9748, 
demonstrating strong predictive power with an ensemble of decision 
trees that reduces overfitting and captures a broad range of interactions 
between Re and Pr. The slightly higher MSE and MAPE compared to 
XGBoost and Polynomial Regression suggest it might not model the 
data’s most intricate patterns as precisely.

High Accuracy Models (0.95 > R² > 0.80) consist of Support Vector 
Regression (SVR). SVR, with an R² of 0.8940, shows effective perfor
mance but with higher MSE and MAPE, which might be due to its 
sensitivity to the choice of kernel and hyperparameters. Although SVR 
handles non-linearities well, its performance is slightly less robust than 
very high-accuracy models. KNN, with an R² of 0.8026, offers reasonable 
predictions but struggles with higher MSE and MAPE due to its reliance 
on local data and potential sensitivity to the choice of k-neighbors.

Good Accuracy Models (0.80 > R² > 0.70) included Linear Regres
sion and Ridge Regression, with R² values of 0.7833 and 0.7808 
respectively, show basic predictive capabilities but are limited by their 

Table 3 
Empirical correlations equations.

Design Equation Accuracy

EFE Nu = 1.9434 × Re0.2126 × Pr0.3517 MAPE = 1.34 %; R2 = 0.987
​ ΔP = 0.0283 × Re1.8120 × Pr0.2866 MAPE = 3.11 %; R2 = 0.99
CFAS Nu = 3.4822 × Re0.1602 × Pr0.1466 MAPE = 1.63 %; R2 = 0.957
​ ΔP = 0.1737 × Re1.6626 × Pr− 0.1492 MAPE = 7.06 %; R2 = 0.98

Table 4 
Different regression algorithm performance.

Model MSE MAPE R²

XGBoost 0.000 0.07 % 1
Polynomial Regression 0.010 0.72 % 0.995
Random Forest 0.050 1.67 % 0.9748
Support Vector Regression 0.209 3.17 % 0.894
K-Nearest Neighbors 0.099 2.72 % 0.8026
Linear Regression 0.108 2.95 % 0.7833
Ridge Regression 0.110 2.79 % 0.7808
Combined Model 0.134 2.26 % 0.7317
Elastic Net 0.262 3.30 % 0.4762
MLP Regression 0.388 5.21 % 0.2225
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assumptions of linear relationships. Ridge Regression improves upon 
Linear Regression by adding regularisation to handle multicollinearity. 
Yet, both models fail to capture the non-linear interactions as effectively 
as more advanced techniques, resulting in higher errors. The combined 
model produces even lower accuracies than a single model.

Low Accuracy Models (R² < 0.70) are represented by Elastic Net and 
MLP Regression. Elastic Net, with R² of 0.4762, demonstrates poor 
performance due to the challenges of balancing L1 and L2 regulariza
tion, which may not suit the complex relationships in the dataset. The 
high MSE and MAPE suggest that the regularisation terms are not 
effectively tuning the model. MLP Regression also exhibits the lowest R² 
of 0.2225, attributed to its complexity potential underfitting issues and 
limited data. The model’s architecture might not be well-suited for this 
problem, leading to significant inaccuracies in prediction.

Overall, XGBoost and Polynomial Regression are the most reliable 
models for predicting Nu, offering the highest accuracy and lowest er
rors due to their ability to handle non-linearity and complex in
teractions. Nevertheless, these show signs of overfitting too. Models in 
the high accuracy category are effective but may not provide the same 
level of precision due to their inherent limitations. The lower accuracy 
models show notable deficiencies in capturing the data’s nuances, 
indicating a need for different modelling approaches or further optimi
sation to improve performance. Therefore to cross-validate the results 
and alleviate overfitting issues for better data generalisation. The orig
inal dataset was synthetically augmented with large Gaussian noise to 
distort the dataset and further analyse if the models can still make robust 
predictions. The reason Gaussian noise was used for regularisation over 
other methods is due to its versatility and continuity in handling data. 
Additionally, gaussian methods have previously yielded good perfor
mance results [52]. As in the original code, Re and Pr data were 
standardised using ‘StandardScaler’ so the features have mean 0 and 
standard deviation 1 after scaling, a noise of scale of 0.5 of standard 
deviation is added which is quite significant. The specific equation for 
generating Gaussian noise would be: 

Noise = σ⋅Z (18) 

Where: 

• Z is a random variable sampled from the standard normal distribu
tion N (0,1)

• σ =0.5 is the standard deviation.

So, for each data point yi, the noisy version would be: 

Noisy yi = yi + σ⋅Zi 

Where: Ziis sampled from N(0,1) independently for each data point.
Gaussian noise was chosen for its effectiveness in replicating minor 

variations commonly observed in experimental measurements, helping 
to prevent overfitting by introducing controlled random variability. 
Compared to standard scaling, which uniformly adjusts data, Gaussian 
noise allows for more realistic, small-scale fluctuations that align with 
natural measurement uncertainties, thereby better simulating the vari
ability in experimental conditions. By simulating realistic measurement 
uncertainties, Gaussian noise enhances the model’s robustness, making 
it less sensitive to minor discrepancies and improving predictive accu
racy across diverse conditions in the dataset.

The addition of Gaussian noise had an interesting impact on the 
performance of various regression models used to predict Nu based on 
Re and Pr. Fig. 12 shows the comparison between the original and 
augmented datasets. Initially, the models trained on the original dataset 
demonstrated near-perfect performance metrics, with XGBoost 
achieving an MSE of 0.0001, a MAPE of 0.07 %, and an R² of 1. These 
metrics, while impressive, suggest a potential risk of overfitting, where 
the model might be capturing noise and specificities of the training data 
rather than generalisable patterns. Hence, introducing substantial noise 
allowed assessment of the model’s ability to generalise beyond the 
overly specific patterns of the original data. The augmentation showed 
that models could better handle data variability, leading to 
improvements.

Nonetheless, such perfect predictions shown by XGB are perhaps 
unrealistic in a real-world scenario, therefore further assessment of XGB 
is required. Random Forest’s performance improved from an MSE of 
0.0498, a MAPE of 1.67 %, and an R² of 0.9748 to an MSE of 0.0096, a 
MAPE of 0.76 %, and an R² of 0.9951. Similarly, SVR’s metrics improved 
from an MSE of 0.2093 to 0.0973, with MAPE decreasing from 3.17 % to 
2.02 %, and R² increasing from 0.8940 to 0.9507. The KNN and Poly
nomial Regression models also exhibited enhanced performance, 
reflecting a robust generalisation ability after augmentation. Therefore, 
based on the overall performance of aR² and MAPE and considering 
potential overfitting issues, PLR and RF are perhaps the most suitable 
models for future predictions of Nu.

These results underscore the utility of data augmentation in 
capturing complex relationships. The substantial noise introduced in the 
augmentation process helped simulate real-world variability, making 

Fig. 12. Model comparison for original and augmented synthetic data.
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the models more adept at handling noise and less prone to overfitting. 
This process is particularly valuable for predicting Nu from Re and Pr, as 
it helps in modelling the intricate and often non-linear relationships 
between these variables. Moreover, using augmented data is beneficial 
in the context of empirical correlation models, where complex re
lationships might be oversimplified. Traditional empirical models often 
rely on limited data or simplistic correlations, which may not capture 
the true dynamics of the system. By contrast, regression models trained 
with augmented data can explore a broader range of relationships and 
interactions, providing more accurate and reliable predictions.

The overall data analysis revealed that XGBoost and Polynomial 
Regression consistently outperform other models, with the highest R² 
values and lowest MAPE. These models excel due to their ability to 
capture complex non-linear relationships in the data—XGBoost through 
its ensemble tree-based structure, which reduces variance and improves 
generalisation, and Polynomial Regression through its flexibility in 
fitting curved relationships in the dataset. Data augmentation further 
enhances their performance, as seen in Fig. 11, by providing a more 
diverse dataset that strengthens model robustness and reduces error 
rates.

In contrast, models like K-Nearest Neighbours (KNN) and Support 
Vector Regression (SVR) perform comparatively worse, with lower R² 
values. KNN struggles with complex datasets because it relies heavily on 
local data points, which can lead to overfitting in certain areas and 
underperformance in others. SVR, while effective for some regression 
tasks, has difficulty capturing non-linear patterns without significant 
tuning, which may explain its lower accuracy here. Linear models, such 
as Linear Regression and Elastic Net, perform the worst due to their 
limitations in capturing non-linear relationships, which can be the case 
in thermohydraulic datasets. This comparative discussion highlights 
each model’s strengths and limitations, providing insights into why 
certain approaches are more effective for complex predictive tasks like 
this one.

It is important to acknowledge that the dataset used is limited, and 
acquiring more experimental data is both expensive and impractical. 
Thus, data augmentation becomes a crucial technique to enhance the 
robustness and accuracy of the models without the need for extensive 
new data collection. This approach supports agile manufacturing con
cepts by offering a time-efficient method to improve model performance 
and adaptability. Therefore, the augmentation of data with a large 
Gaussian noise scale has proven to be a powerful technique in improving 
model performance, capturing complex relationships, and aligning with 
agile manufacturing principles. The enhanced generalisation, reflected 
in improved MAPE and R² values, demonstrates the practical benefits of 
this approach in handling real-world data variability and refining pre
dictions. However, this data-driven approach for exploration is aligned 
with the ethos of continuous improvement via technology in advancing 
manufacturing efficiency [69] and provides a good baseline for future 
predictions of thermohydraulic performance without using extensive 
datasets.

6. Conclusion

In summary, this research illustrates the effectiveness and limitations 
of various innovative micro pin-fin configurations in assessing the 
thermohydraulic performance of biomorphic heat sinks. By integrating 
different design strategies, agile manufacturing, experimental methods, 
and machine learning approaches, the study offers a novel perspective 
on the design and production of hybrid biomorphic pin-fins, potentially 
reducing production time, development costs, and manufacturing ex
penses. The key conclusions were: 

■ The Exocoetidae-inspired pin-fins with filleted edges (EFE) and 
Cruciform-inspired pin-fins with a novel type of astroid splitters 
(CFAS) outperformed other designs in terms of Nusselt Number (Nu), 
thermal resistance, and pressure drops. These new designs achieve a 

23 % to 45 % enhancement in heat transfer at lower Reynolds 
numbers compared to existing designs in the literature, with 
manageable increases in pumping power and energy consumption.

■ Further thermal assessments reveal that adding secondary lanes or 
sharp-edged features results in uneven heat distributions, leading to 
increased turbulence and less efficient heat transfer. However, sec
ondary lanes do help reduce system pressure drop.

■ New empirical correlations and machine learning predictions 
demonstrate high accuracy in forecasting Nusselt Numbers, stream
lining design optimisation and providing rapid performance assess
ments. Among the tested models, ensemble methods such as 
XGBoost, Random Forest, and Polynomial Regression produced the 
most accurate results, with a mean absolute percentage error of less 
than 3 % and high R² values.

Overall, this study enhances our understanding of pin-fin heat sink 
designs by highlighting the advantages of unconventional designs and 
the benefits of integrating diverse approaches. Combining advanced 
design techniques with machine learning can significantly improve pin- 
fin performance, reduce size, cost, and development time, and enhance 
energy efficiency in next-generation heat sink solutions. Future research 
should focus on optimising the distribution of pin-fin segments and 
developing more robust methods for using limited datasets to provide 
more accurate predictions of thermohydraulic parameters.
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