International Journal of Heat and Mass Transfer 194 (2022) 123087

Contents lists available at ScienceDirect

International Journal of Heat and Mass Transfer

journal homepage: www.elsevier.com/locate/hmt

A machine learning approach for predicting heat transfer n
characteristics in micro-pin fin heat sinks

Kiwan Kim?, Haeun LeeP, Minsoo KangP”, Geonhee Lee®, Kiwook Jung®,
Chirag R. Kharangated, Mehdi Asheghi¢, Kenneth E. Goodson®, Hyoungsoon Lee ®"*

aSchool of Mechanical Engineering, Chung-Ang University, Seoul 06974, South Korea

b Department of Intelligent Energy and Industry, Chung-Ang University, Seoul 06974, South Korea

¢ Department of Mechanical Engineering, Stanford University, Stanford, CA 94305, USA

d Mechanical and Aerospace Engineering Department, Case Western Reserve University, Cleveland, OH 44106, USA

ARTICLE INFO ABSTRACT

Article history: Micro-pin fin heat sinks are receiving attention for their use in the thermal management of high-heat-
Rec?iVEd 6 FEbeﬂry 2022 flux electronics systems since they can help to enhance heat transfer characteristics (owing to their large
Revised 25 April 2022 extended surface area) and flow mixing while requiring relatively low pumping power compared with
Accepted 28 May 2022 conventional microchannel heat sinks. Although many studies have determined the thermal performance
of micro-pin fin heat sinks over the past several decades, a universal model for predicting the thermal
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performance of micro-pin fin heat sinks with various geometries and under different operating condi-
tions has not been developed. In this study, we developed universal machine learning models for pre-
dicting the thermal performance of micro-pin fin heat sinks of various shapes and under different oper-
ating conditions beyond the limits of existing correlations by using power law regression. The database
for these models comprised 906 data points amassed from 15 studies. Three machine learning models
and a newly proposed regression model were compared with the conventional regression models. The
prediction accuracies of each model and complex relations between the geometric shape, operating con-
ditions, and heat transfer performance are discussed by comparing the three machine learning models
and the regression model. The machine learning models had mean absolute errors (MAEs) of 7.5-10.9%,
representing an approximately fivefold enhancement in the prediction accuracy compared with existing
regression correlations. Their MAEs were lower than that of the regression model. Moreover, the machine
learning models provided high accuracies for rare geometric shapes and operating conditions, such as a
triangular pin shape or the use of R134A as a working fluid. These results showed the superiority of the
machine learning models over traditional correlations in terms of the prediction accuracy for the thermal
performance of micro-pin fin heat sinks over a wide range of geometric and operating conditions.

© 2022 Elsevier Ltd. All rights reserved.

1. Introduction

ity decreases sharply when the operating temperature exceeds the
permissible limit, which can lead to serious problems such as de-

1.1. Necessity of thermal management in electronics

The development of microfabrication technology has led to the
miniaturization and integration of electronic devices, which in turn
have helped enhance the performance of electronic device sys-
tems. However, this has significantly increased the thermal den-
sity and hence the operating temperature of electronic devices.
It is well known that the failure rate doubles when the operat-
ing temperature of electronic devices doubles [1], and the reliabil-
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vice failure. Therefore, there have been many studies on increasing
the heat dissipation rate in electronic devices, and methods such
as pool boiling [2,3], spray cooling [4-6], jet impingement [7,8],
and the use of manifold microchannels [9,10] and micro-pin fins
[11-25] have been developed. Among these methods, the use of
micro-pin fins is very common in high-heat-dissipation electronic
systems such as 3D stacked data centers [25], high-power LEDs
[26], and power semiconductors [27]| owing to their higher cool-
ing performance with a relatively lower pressure drop compared
with microchannels. Early pin-type fins were often used for tur-
bine blade cooling owing to their high cooling performance and
high area per unit volume [28]. In particular, early studies fo-
cused on characterizing the thermal performance of turbine blade
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Nomenclature

Af surface area of pin fin

Anin minimum transverse area of pin fin array
G specific heat

Dy hydraulic diameter of pin fin
Dy transverse diameter of pin fin
D; longitudinal diameter of pin fin
f friction factor

G mass flux

h heat transfer coefficient

Hgp pin fin height

k thermal conductivity

L total length of channel

m mass flux

Niot total number of pin fins

N; total number of micro-pin fin rows
Nu Nusselt number

P wetted perimeter of pin fin

Pi, inlet pressure

Pr Prandtl number

AP pressure drop

q" heat flux

Q volumetric flow rate

Re Reynolds number

Sp diagonal spacing

St longitudinal spacing

St transverse spacing

I micro-pin fin base temperature
Ty fluid temperature

Tin inlet fluid temperature

Tout outlet fluid temperature

u fluid velocity

w total width of channel

Greek symbols

P density of fluid

1% dynamic viscosity of fluid

% percentage of data points predicted within +£30%
& percentage of data points predicted within £50%
Subscripts

avg average

b base

exp experiment

eff effective

f fluid

h heater

in inlet

m mean

min minimum

max maximum

out outlet

pred prediction

tot total

air cooling on the basis of geometrical changes in the height-to-
diameter (Hg,/Ds) ratio and pin spacing (Sp and St) [29,30]. Later,
as advances in microfabrication techniques facilitated the fabrica-
tion of micro-pin fin arrays in semiconductor devices, many stud-
ies were conducted to investigate the thermal and hydraulic per-
formance of micro-pin fin heat sinks with various geometries un-
der different operating conditions to assess their suitability for the
thermal management of electronic devices such as supercomput-
ers, data centers, power electronics, and advanced military avionics
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[25,31-33]. Kosar et al. [11,12] studied the thermal performance of
staggered hydrofoil and circular micro-pin fins by using deionized
(DI) water. They determined the thermal-hydraulic performance of
both types of micro-pin fins and compared their results with exist-
ing relevant correlations. Prasher et al. [34] investigated the ther-
mal and hydraulic performance of low-aspect-ratio circular pin fins
with DI water. They observed that the Nusselt number was pro-
portional to Re%84 for Re < 100 and Re®73 for Re > 100, and they
proposed a new correlation based on Metzger et al.’s [35] correla-
tion, which was developed for gas turbine engine airfoil pin fins.
Qu and Siu-Ho [13] investigated the thermal performance of stag-
gered square pin fins by using DI water at temperatures of 30 and
60 °C and proposed two types of correlations for the local Nusselt
number. Liu et al. [36] studied a staggered square pin fin’s thermal
and hydraulic performance for different fin and channel widths
and for Reynolds numbers between 60 and 800 by using DI water.
They showed that the Nusselt number increased with the Reynolds
number and proposed two new correlations for the average Nus-
selt number. Lee et al. [15,17] considered an oblique pin fin mi-
crochannel and compared its thermal performance with that of a
conventional microchannel by using DI water. They speculated that
the oblique fin geometry caused the re-initialization of the thermal
boundary layer and induced fluid mixing by creating secondary
flow, which led to the oblique pin fin microchannel showing higher
thermal performance. Hua et al. [21] performed an experimental
study with pin fins of various shapes such as circular, elliptical,
diamond-shaped, square-shaped, and triangular and reported the
dependence of the Nusselt number on the flow rate. They pro-
vided five Nusselt correlations for each pin shape and claimed that
the elliptical pin fin provided superior thermal performance com-
pared with the other shapes. Kharangate et al. [23] studied the
thermal and hydraulic behavior of a staggered circular micro-pin
fin by using DI water and noted that the average Nusselt number
and Fanning friction factor were proportional to Re'%4 and Re=0-2,
respectively. Kong et al. [24,25] investigated the single-phase heat
transfer and pressure drop for staggered circular pin fins with dif-
ferent mass fluxes and geometries. They proposed correlations for
the Fanning friction factor and Nusselt number by using 256 data
points from 21 studies, and the correlations showed better predic-
tion performance than existing correlations. They also mentioned
that more experiments should be conducted at low Reynolds num-
bers and for various pin fin geometries for gaining a better under-
standing of the thermal and hydraulic performance of micro-pin
fins.

1.2. Machine learning approaches for predicting thermal and
hydraulic performance

Machine learning has been in use since the 1950s, when Arthur
Samuel from IBM first coined the term “machine learning” [37].
Rosenblatt developed the perceptron [38], and Werbos developed
a multilayer perceptron (MLP) [39] in 1974. Early machine learn-
ing was used for simple learning such as learning the rules of a
game of checkers [40] and recognizing patterns [41]. Following the
development of computer technology and various machine learn-
ing algorithms, including support vector machines, boosting algo-
rithms, and ensemble learning [37], machine learning has been
used in numerous applications in fields such as genetics and ge-
nomics [42], software engineering [43], biology [44], manufactur-
ing [45], healthcare [46], and finance [47].

Machine learning has the advantage of being capable of model-
ing complex systems with high accuracy, and therefore, studies in-
volving machine learning have been actively conducted in the field
of thermofluids. Artificial neural networks (ANNs), a type of ma-
chine learning algorithms, can predict complex physical phenom-
ena with sufficient experimental data, without explicit mathemat-
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ical representation [48]. Tan et al. [49] attempted to predict the
thermal performance of a compact fin-tube heat exchanger with
a mixture of water and ethylene glycol as the working fluid by
using an ANN. Outputs such as the overall rate of heat transfer
and the outlet air temperature of the heat exchanger were pre-
dicted better with the ANN than by a nonlinear regression model.
Kahani et al. [50] developed a model that could predict the Nus-
selt number and pressure drop of a coil for various curvature ratios
and pitches; they varied the concentration of TiO,/water nanofluid
passing through the coil by using an ANN and a least square sup-
port vector machine. Qiu et al. [51] developed prediction models
for two-phase-flow pressure drop in mini-/microchannels by using
ANN, XGBoost, LightGBM, and K-nearest neighbor machine learn-
ing algorithms. All algorithms showed higher prediction accuracy
than existing correlations. Cho et al. [52] used an ANN to predict
the heat transfer coefficient of free-fall condensation on the ex-
ternal surfaces of vertical tubes in the presence of noncondensable
gases. Their ANN model had an MAE of 4.2%, which was lower than
that of regression. A convolutional neural network (CNN), which is
a type of machine learning algorithm, has the advantage of being
capable of learning the physical features of an image by mimicking
the human visual processing process [53]. Kim and Lee [54] used a
CNN trained with wall information (i.e., input data) obtained from
direct numerical simulations (DNSs) to predict the heat transfer for
turbulent channel flow. Their CNN model showed a correlation co-
efficient of 0.98 for DNS data. Suh et al. [55,56] constructed a data-
driven learning framework by using a CNN and an object detection
algorithm to understand the boiling physics and the droplet con-
densation mechanism. Their CNN model successfully extracted the
physical features of boiling, which are difficult to observe with the
human eyes, with a mean error of 6%. For the droplet condensation
mechanism, they showed that the condensation performance was
affected by the trade-off between the heat transfer rate of each
droplet and the droplet population density.

Machine learning has also been used to predict the thermal per-
formance of pin fins. Ostanek [57] conducted MLP modeling to pre-
dict the Nusselt number of turbine blade pin fins; they used the
streamwise spacing, spanwise spacing, fin height, Reynolds num-
ber, and row position obtained from six experimental studies as
inputs. A correlation obtained using a power law showed an accu-
racy within 10% only for 48% of array-averaged heat transfer data,
whereas 73% of the data showed an accuracy within 10% when an
MLP was used. Balachandar et al. [58] proposed an ANN model for
predicting the base plate temperature of a hollow cylindrical pin
fin from computational fluid dynamics (CFD) results. They deter-
mined the optimal pin fin shape by using a genetic algorithm (GA)
and ANN results and concluded that a hollow cylindrical pin fin
showed better thermal performance than a solid cylindrical pin fin.
Beigzadeh et al. [59] presented an ANN prediction model and GA
prediction correlations by using forced convection CFD results for
interrupted plate fins where air was used as the working fluid, and
they compared the performance of the GA correlations. The predic-
tion accuracy of the ANN was superior to that of the GA prediction
correlations. On the basis of CFD results for a random spline pin
fin, Yang et al. [60] presented a temperature and pressure distri-
bution prediction model using pix2pix networks and a GA. They
also proposed five optimized geometries. Lee et al. [61] consoli-
dated various micro-pin fin heat sink data and developed new re-
gression models and an ANN model to predict the friction factor.
The ANN model showed better performance than existing regres-
sion methods and their new regression models, indicating that ma-
chine learning is more effective than regression for predicting the
pressure drop in a pin fin heat sink. Most of the aforementioned
studies, with the exception of Lee et al. [61] and Ostanek et al.
[57], used limited data—only their own experimental or numerical
results—and gas as the working fluid.
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1.3. Objective of present study

Although several correlations based on power law regression
have been developed for predicting the thermal performance of pin
fins over the last two decades, no generalized correlation cover-
ing a wide range of geometric shapes and operational conditions
and valid for different working fluids having significantly differ-
ent thermophysical properties has been proposed so far. The ob-
jective of this study was to develop a universal model for pre-
dicting the thermal performance of micro-pin fins with various
shapes and under different operating conditions. To this end, we
amassed experimentally determined heat transfer data points from
15 studies published in the last two decades, and a consolidated
database with a total 906 data points was analyzed to determine
the effect of the geometry of micro-pin fin heat sinks and oper-
ating conditions on the thermal performance of the micro-pin fin
heat sinks. Furthermore, using three machine learning algorithms,
we attempted to investigate more complex relations between the
geometry, operating conditions, and heat transfer performance of
micro-pin fin heat sinks. Finally, we compared the prediction ac-
curacy of the universal model with that of a new regression model
built using the same consolidated database.

2. Methods
2.1. Data compilation from previous studies

The studies considered for constructing the consolidated
database that was to be used for predicting the thermal perfor-
mance of micro-pin fins are listed in Table 1. A plot of the Nusselt
number against the Reynolds number for the database is shown in
Fig. 1.

We limited the consolidated database to experimental data
points for developing an accurate prediction model. Data points
were excluded if (i) they were obtained in the presence of non-
condensable gases [62,63], (ii) nanofluids were used as the work-
ing fluid [19,64], (iii) pin fins with tip clearance were used [68,69],
(iv) shape information was not accurately presented in the paper
[19,65,66], or (v) the shape is not suitable for linear regression
[21,67]. Data points obtained in the presence of a noncondensable
gas or by using a nanofluid as the working fluid were excluded
because of the inherent complexity of the flow and heat trans-
fer characteristics. Micro-pin fins with tip clearance were also ex-
cluded for the same reason. Irregularly shaped pin fins such as pi-
ranha pin fins [66] were excluded because the hydraulic diameter
could not be accurately determined. Papers in which some param-
eters of fins were not clearly stated were excluded; examples of
such parameter are the hydraulic diameter in the study of Wang
et al. [65] and the Reynolds number of fins in the study of Ali and
Arshad [19]. Pin fin shapes that cannot be predicted with existing
correlations were also excluded, such as the elliptical fin of Hua
et al. [21] (since (S, - Dy)/Dy < 0).

The consolidated data comprised hydraulic diameter (Dy), pin
fin height (Hg,), transverse pitch of fins (St), longitudinal pitch of
the fins (S;), transverse diameter of fins (Dy), and longitudinal di-
ameter of fins (D;) as the geometric parameters; mass flow rate
(m), inlet and output temperatures (T;, and Toy), and heat flux (¢")
as the operating conditions; and Reynolds number (Re), Prandtl
number (Pr), and the corresponding Nusselt number (Nu). The pa-
rameters Dy, Re, Pr, and Nu were defined as follows:

4Af
Dy= 5" (1)
D
Re = Plmax f, (2)



Table 1

Nusselt number studies on pin fins, that were considered for constructing the consolidated database.

Working
# Author Shape Configuration Fluid Hy [um] Dy [um] q" [W/cm?] Re Nu Operating conditions Remark
#1 Kosar and Peles [11] Circular Staggered Water 243 95 3.8-167 14-112 0.8-7.1 G = 90-850 kg/m?2s Nu calculated from h
#2 Kosar et al. [12] Hydrofoil Staggered Water 243 74.7 4-308 15-720 1-8 G = 134-6600 kg/m?s Nu calculated from h
#3 Qu and Siu-Ho [13] Square Staggered Water 670 200 8-100 64-213 2.0-5.3 G = 183-420 kg/m?s
Tin = 30 °C, 60 °C
P;, = 144.4, 354.6 kPa
#4 Krishnamurthy et al. [14]  Circular Staggered Water 250 100 20-350 52-136 1.7-4.8 G = 346-794 kg/m?s Nu calculated from h
#5 Lee et al. [15] Oblique Inline Water 1487 103.6 170 180-400 5.3-7.9 G = 1250-3300 kg/m?s Nu calculated from
Assuming T;, = 20 °C from NUcnannel
author’s other study using same
apparatus
#6 Zhou et al. [16] Drop shape Staggered Water 200 200 41.7-1114 260- 9-20 G = 260-1350 kg/m?2s Nu calculated from h
1350 Tin = 20 °C
#7 Lee et al. [17] Oblique Inline Water 374 520 65 200-500 9.3-15 G = 250-670 kg/m?s Nu calculated from
Tin =20 °C Nuchannel
#8 Reeser et al. [18] Square Inline Water 305 153 19-108 100-300 2-4.5 G = 400-13,000 kg/m?s Nu calculated from h
Diamond Staggered Tin = 30 °C
#9 Ali and Arshad [19] Diamond Staggered Water 2000 200 3.7 280-580 4.8-9.2 G = 250-670 kg/m?s Inline configuration
Tin = 25 °C is excluded
#10  Guan et al. [20] Circular Staggered Water 500 400 24.6-71.8 90-1000 2-23 G = 230-2800 kg/m?s Nu calculated from h
Diamond 358
Triangular 247.2
#11 Hua et al. [21] Circular Staggered Water 500 400 24-120 90-650 4-20 G = 290-1100 kg/m?s Nu calculated using
Diamond 358 Tin = 20 °C h,
Square 400 Elliptic pin fin data
Triangular 247.2 were excluded
#12  Falsetti et al. [22] Circular Staggered R134A 100 50 20-44 170-400 3-22 G = 750-1750 kg/m?s Nu calculated from
Tin = 20 °C, Tour = 25 °C Nuchannel
#13 Kharangate et al. [23] Circular Staggered Water 110 46.5 0-141.4 23-135 1.7-7.5 G = 430-1790 kg/m?s
Tin = 25 °C, Toye = 24.5 - 84.3 °C
#14  Kong et al. [24] Circular Staggered R245fa 207 45, 90, 100 2.5-48.7 35-480 2-16.6 G = 300-1500 kg/m?s
208 Tin = 22.2-25.3 °C
Py, = 205.6-351.6 kPa
#15  Jung et al. [25] Circular Staggered FC-72 90.9 38.1 17-55 100-200 4-7.5 G = 1480-3100 kg/m?s

Ty = 21.5 °C-25.1 °C
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Fig. 1. Total of 906 data points for the Nusselt number of micro-pin fin heat sinks, obtained from 15 studies.
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Fig. 2. (a) Shapes and (b) configuration types of pin fins, along with geometrical information.
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Here, As is the cross-sectional area of a fin, P is the wetted
perimeter, and umgx and u;, are the maximum fluid velocity and
inlet fluid velocity of the channel, respectively. The parameter umqx
differs from the minimum flow area, and it depends on the pin fin
configuration. The mimimun flow area is determined by the trans-
verse pitch of fins in the case of the inline configuration, while it
is determined by the smallest transverse or diagonal pitch of fins
in the case of the staggered configuration.

Inline: Umax = ST{—TDfu,-n. (5-1)

s s
Staggered: Umax = (ﬁum, wa)um). (5-2)

The experimental conditions and shapes associated with the
data are summarized below. The shapes and configurations of pin
fins considered in this study are shown in Fig. 2, and the distribu-
tion of data for the different geometries and operating conditions
is presented in Fig. 3.

Pin fin shapes: Circular, square, diamond, oblique, triangular,
drop shape, and hydrofoil.

Configurations: Staggered and inline.

Working fluids: Water, FC-72, R134A, and R245fa.

Hydraulic diameter: 38.1-2000 pm.

Pin fin height: 90.9-2000 pm.

Longitudinal spacing: 74-3000 pm.
Transverse spacing: 74-4240 pm.
Reynolds number: 14-1350.
Prandtl number: 1.6-11.5.

2.2. Parameter selection using Kendall rank coefficient

Fig. 4 shows the Kendall rank coefficient of the Nusselt number
based on parameters of a micro-pin fin. The Kendall rank corre-
lation is a nonparametric method that does not assume a specific
distribution of the population; it is the preferred method when the
number of data and outliers is small [51]. Eq. (6) shows the for-
mula for calculating the Kendall rank correlation for parameters x
and y. The parameter 7 is the Kendall rank coefficient and it has
a value between +1 and —1. It is calculated by dividing the to-
tal number of all pairs by the difference between the number of
concordant pairs and the number of nonconcordant pairs. A value
closer to +1 implies a positive relationship between the parame-
ters, while a value closer to —1 indicates a negative relationship.
As the p-value was obtained together with the Kendall rank coef-
ficient, it was judged that the parameters whose p-value was less
than 0.001 were correlated with the Nusselt number [70]. Further-
more, S;, St, Hgp, Dw, Dy, Pr, and Re had p-values larger than 0.001
and were selected for regression and machine learning. D; was cal-
culated to be 0.016, with a p-value much greater than 0.001. This
indicates failure to reject the null hypothesis and hence the ab-
sence of correlation between Nusselt number and D;; therefore, D;
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was not used for prediction modeling.

2
T = D ; sgn(x; — x;)sgn(y; — ¥;)-

2.3. Proposed machine learning models

We developed prediction models for the Nusselt number of
micro-pin fin heat sinks with various geometries and for differ-
ent operating conditions by using an MLP, a type of ANN, XG-
Boost [71] and LightGBM [72], which are different types of ensem-
ble learning. All the machine learning processes were conducted in
the Spyder environment. First, all data were transformed to natu-
ral log values and standardized using SKlearn’s StandardScaler be-
fore hyperparameter optimization and training, for decreasing the

skewness of data and mitigating scale differences between differ-
ent data sets [73]. Subsequently, the data were divided into two
parts: 80% for use as a training set and 20% for use as a test set.
Hyperparameter optimization was performed through Bayesian op-
timization, and K-fold cross-validation (with K = 5) was performed.
Overfitting was minimized using the early-stopping strategy. Over-
fitting occurs when the model fits the training data too closely
and the noise and outliers are weighted. Therefore, when overfit-
ting occurs, the error in the training data decreases and the er-
ror in the validation data increases simultaneously. If the objec-
tive function does not improve over 1000 iterations and overfit-
ting occurs, training ends and the model chooses the best result
rather than the final one. The prediction accuracy for a test set
was determined using the weight of the model that minimized the
mean absolute error (MAE) of the validation data for the five K-fold
results.



K. Kim, H. Lee, M. Kang et al.

1.0
(a) PPl o 0,396 0.606 (EPEH 0053 0249 0.244
U!_f 1.000 | 0.620 0.9 0.8
(4 0620 1.000
r 0.6
£ 3 0913 0.701
Q
04
g 0.082 0.128
[} - 02
N 0.252 [BEL]
o _ 00
@
x
5 7 . --0.2
= 303 flF1] m‘ 0.016 |5 0175 R

S, St Hw D, D, D, Pr Re Nu

International Journal of Heat and Mass Transfer 194 (2022) 123087

(b)

Pr

1 L

0.0 0.2 04 06 0.8 10
Kendall rank coefficient

Fig. 4. Kendall rank coefficient of the Nusselt number based on variables for (a) a heat map for all variables and (b) bar graph of selected variables.
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Fig. 5. Architecture of an MLP.

2.3.1. MLP

An MLP is a neural network that is connected to a single per-
ceptron to form a multilayer. Each layer consists of an input layer,
a hidden layer, and an output layer. The node of each layer re-
ceives the output value from the previous layer as the input value
and updates the weight by using the activation function. The basic
structure of an MLP is shown in Fig. 5. In this study, model train-
ing was performed by using a model constructed with TensorFlow
(version 2.5.0) and NumPy (version 1.21.0), which are libraries of
Python (version 3.9.5). Leaky rectified linear unit (LReLU) (o = 0.2)
[74], which is a modified version of the rectified linear unit (ReLU)
[75] function, and a hyperbolic tangent function were used as the
activation functions. The LReLU equation is shown in Eq. (7). Un-
like ReLU, which returns the input for a positive input and zero
for a negative input, LReLU returns a nonzero output for a nega-
tive input. The weight was initialized using the He method, and
the output was updated using the Adam optimizer [76], which is a
combination of AdaGrad [77] and RMSProp [78].

X

feo = {0,2x

x>0

for X=0

(7)

2.3.2. XGBoost

The algorithm used for the comparison was XGBoost, which is
based on gradient boosting decision tree. Gradient boosting de-
cision tree is one of the ensemble learning algorithms involv-
ing boosting, and it employs a series of decision trees as weak
learners and combines them to create a strong learner. XGBoost
uses classification and regression trees as a decision tree and per-
forms training by correcting the previous predictor with a resid-
ual at every iteration [79]. Notably, XGBoost prevents overfitting
by adding a regularization term to the objective function and im-
proves speed through parallel processing. XGBoost model was cre-
ated and trained using XGBRegressor of XGBoost (version 1.4.2)
[80].

2.3.3. LightGBM

LightGBM, similar to XGBoost, is an algorithm using Gradient
Boosting Decision Tree. It was developed by Microsoft Research
Lab Asia in 2016 to improve the speed of the XGBoost algorithm.
XGBoost has the disadvantage of being time-consuming because
all data should be scanned to obtain the information gain for
each feature. LightGBM overcomes this problem by using Gradient-
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Table 2
Optimal hyperparameters of machine learning models.

Algorithm Hyperparameter Value

MLP Layer 9
Node 512 - 512 - 512 -32 - 512 -32-32-96 - 32
Activation function LReLU - Tanh - Tanh - Tanh - Tanh - Tanh - LReLU - LReLU - LReLU
Learning rate 0.0001

XGBoost Alpha 0
Colsample_bytree 1
Lambda 109.82
Learning_rate 1
Min_child_weight 0
Max_depth 834
N_estimators 8929

LightGBM Alpha 0.53457
Colsample_bytree 0.7
Lambda 4.39732
Learning_rate 0.178
Min_child_samples 10
Min_child_weight 9
Max_depth 48
N_estimators 2995
Num_leaves 588
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Fig. 6. Comparison of experimentally observed Nusselt number with predictions of (a) the new regression model and the regression models of (b) Metzger et al. [35], (c)
Prasher et al. [34], (d) Qu and Siu-Ho [13], (e) Liu et al. [36], and (f) Kharangate et al. [23].

Based One-Side Sampling (GOSS) and Exclusive Feature Bundling
(EFB). Data with small gradients are excluded through GOSS, and
the information gain is used only for the remaining data. Fur-
thermore, the exclusion of some features through EFB results in
a higher speed. A LightGBM model was developed using LGBMRe-
gressor of LightGBM (version 3.2.1) [80].

2.4. Bayesian hyperparameter optimization

Before the development of prediction models, hyperparameters
were optimized through Bayesian optimization, which shows bet-
ter performance than other global optimization algorithms when
the amount of computation is large and the objective function is
an unknown black-box function [81]. Bayesian optimization learns
the optimal hyperparameter that maximizes the objective function.

In the optimization process, the shape of an unknown objective
function is probabilistically estimated through a Gaussian process
involving a surrogate model, and the estimated value of the ob-
jective function is obtained from the previous hyperparameter. The
hyperparameter for the next search is determined using an acqui-
sition function.

Hyperparameters of all three machine learning models were
optimized through Bayesian optimization. Optimal hyperparame-
ters of Keras were obtained through KerasTuner (version 1.0.3),
and those of XGBoost and LightGBM were obtained through
BayesianOptimization (version 1.2.0). KerasTuner is a hyperparam-
eter tuning library of Keras, and BayesianOptimization is the hy-
perparameter tuning library of XGBoost and LightGBM. The hyper-
parameters and model configuration determined through Bayesian
optimization are listed in Table 2.



Table 3

Existing and proposed Nusselt number correlations for pin fins.

Author Shape Configuration Working fluid Correlation Geometry Operating conditions MAE
-0.34 -0.09 -0.39
Prezent CircularCI St?ggered DI we;ter Nu=0157(30)  (5p2) g2y (Be)* Re0Spro 2 D; = 38.1-2000 Re = 14-1350 23.7%
study Diamon: Inline R245fa Hy = 90.9-2000
Drop shape R134A Sr = 74-4240
Hydrofoil FC-72 S, = 74-3000
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Square
Triangular
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et al. [35] Si/Dy = 2.5
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number, (d) working fluid, (e) hydraulic diameter, (f) fin height, (g) pin fin configuration, and (h) shape.

2.5. Existing and proposed correlations

Relevant existing correlations and a newly developed correla-
tion were used for the comparative analysis of correlation-based
predictions and machine learning predictions. Five correlations
that are widely used were considered in the comparative analy-
sis. Correlations with Prs [82-84] were intentionally excluded since
data available for Pr; were limited. A correlation for relatively
large-scale pin fins [68] was also excluded since the comparison
pertained to microscale pin fins. A predictive model involving a
linear regression method was developed by modifying the shape
of an existing model, for direct comparison with the three machine
learning models.

A new regression model was developed using the consolidated
database and SKlearn’s linear regression library. Linear regression
was performed by finding the coefficient that minimized the sum
of squares of the predicted value and actual value. On the basis
of the results obtained through the Kendall rank coefficient anal-

10

ysis, the form of the regression was determined by modifying the
regression equation of Prasher et al. [34] and Metzger et al. [35].
Detailed information on existing and the newly proposed correla-
tions is presented in Table 3.

3. Results and discussion

In this study, the prediction accuracies of regression and ma-
chine learning models were compared. Three parameters, namely
MAE, 6, and &, were used for making a quantitative comparison.
The MAE is the average value obtained by dividing the difference
between the predicted value and the experimental value by the
experimental value:

1 Ypred — Yexp
MAE = = —pred TP
",

) x 100. (8)

Furthermore, 0 and & are the percentage of data that satisfy the
MAE of the predicted value within 30% and 50%, respectively, and
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Fig. 8. Results pertaining to the pin fin shape, obtained with the new regression model: (a) circular, (b) diamond, (c) drop shape, (d) hydrofoil, (e) oblique, (f) square, and

(g) triangular.

they were compared to understand how much the predicted value
was within the error range. MAEs for the machine learning models
were determined from the test data, while those for the regression
models were obtained using the entire data since regression did

not require the classification of data into training and test data.

3.1. Predictions with existing and newly proposed correlations

Fig. 6 shows a comparison of the experimentally obtained Nus-
selt number in the consolidated database with the values predicted
by existing and the newly proposed regression models. Evidently,

1
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Fig. 9. Comparison of Nusselt numbers predicted by the present regression with
experimentally determined Nusselt numbers.

the new regression model showed the smallest MAE, 23.7%. Exist-
ing correlations showed a relatively large MAE of 36.7-123.1%, and
a correlation with a larger Reynolds number order tended to have
a higher MAE. Among the existing correlations, the correlation of
Liu et al. [36] showed the lowest MAE, 36.7%. The correlation of
Kharangate et al. [23], which was developed using the smallest
pin fin and without considering any geometric parameter, overpre-
dicted, and it showed the highest MAE (123.1%). For 6, among the
existing correlations, the correlation of Qu and Siu-Ho [13] showed
the highest value, namely 58.2%, and it was followed by the corre-
lation of Prasher et al. [34], with 52.3%. Liu et al.’s [36] correlation
showed better agreement with the database compared with the
other correlations, but & was 44.9% since the probability of accu-
rately predicting the Nusselt number with an MAE of 30% or less is
relatively small. Metzger et al.’s [35] correlation also showed a low
MAE, 41.0%, but the proportion of accurately predicting the Nusselt
number with an MAE of 30% or less was only 29.4%. On the other
hand, the newly proposed regression model predicted most data,
and it showed the highest prediction accuracy for both 6 and &
(74.5% and 90.7%, respectively).

Fig. 7 shows the distribution of the MAE for the prediction of
the newly proposed correlation, which was examined on the ba-
sis of each of the databases, Nusselt numbers, operating condi-
tions, and geometric parameters. Overall, the present correlation

International Journal of Heat and Mass Transfer 194 (2022) 123087

showed good predictive accuracies for most parameter bins, as in-
dicated by MAEs of about 20%, and it provided better predictions
for databases with a larger number of data points. As shown in
Fig. 7(a), the lowest MAE was observed for the experimental data
of Jung et al. [25]. Poor predictions were observed for the data of
Reeser et al. [18] and Falsetti et al. [22], with MAEs of 96.5% and
57.4%, respectively, owing to the relatively small number of data
for R134A and R245fa in the consolidated database. Fig. 7(b) shows
the distribution of the MAE for the present correlation accord-
ing to the range of the experimentally determined Nusselt num-
ber. Similar MAEs were observed for most Nusselt number ranges,
but they were slightly larger in relatively small and large Nusselt
ranges, namely for 0 < Nu < 2 and Nu > 20. A large MAE for
Nu = 0-2 is expected from the nature of the MAE metric, which is
high and shows a small difference between small Nusselt numbers.
For Nu > 20, the number of data was relatively small, and most
data of Guan et al. [20] corresponded to a triangular shape, result-
ing in a high MAE. Fig. 7(c and d) shows the distribution of the
MAE for Reynolds number and type of working fluid. Low MAEs
are apparent in the parameter range with a large number of data
points, such as Re = 1000-1400 in Fig. 7(c) and R134A in Fig. 7(d).
Relatively large MAEs were observed in the ranges of Re = 200-
400 and Re = 600-800; the former range contained Reeser et al.’s
[18] data and the latter involved Kosar et al’s [12] data and the
triangular data of Guan et al. [20]. For Kosar et al.’s [12] data, the
MAE tended to increase with Re, although the overall MAE was
low. The MAEs of both R134A and R245fa were relatively large be-
cause of an insufficient number of data points. Despite the small
number of data points, the present correlation predicted very well
for FC-72. This was because Jung et al.’s study [25] was the only
study involving FC-72, and their small hydraulic diameter led to
the Nusselt number being located almost in the middle of the con-
solidated database. The distribution of the MAE for different pin
fin geometries is shown in Fig. 7(e-h). Fig. 7(e and f) shows the
MAE distribution for the hydraulic diameter and fin height, while
Fig. 7(g and h) shows it for the fin configuration and pin fin shape.
Relatively large MAEs are observed in the range Dy = 0.1-0.2 mm
and Hy = 0.3-0.4 mm and for the inline configuration, mainly be-
cause of Reeser et al.’s [18] data points, for which the present cor-
relation yielded a poor prediction. The present correlation showed
excellent prediction for the hydrofoil, as evidenced by the MAE
of 13.8%, owing to the large number of data points, but relatively
large MAEs were obtained for the diamond and triangular shapes
(36.1% and 37.6%, respectively). The poor prediction for the dia-
mond shape was because the Dy and Hy ranges were small and
scattered in the database, and it had comparably low 6 and &,
namely 67.7% and 72.9%, respectively. Poor prediction was obtained
for the triangular shape, which usually has a high Nusselt number
compared with other shapes for given operating conditions, and
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Fig. 10. Machine learning prediction results for test data: (a) Keras, (b) XGBoost, and (c) LightGBM.
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Fig. 11. Distribution of MAE for predictions of the newly proposed correlation based on power law regression and the three machine learning prediction models on the basis
of (a) each database, (b) Nusselt number, (c) Reynolds number, (d) working fluid, (e) hydraulic diameter, (f) fin height, (g) configuration, and (h) shape.

the present correlation slightly underpredicted. Further analysis of
the accuracy of the present correlation for the pin fin shape is pre-
sented in Fig. 8.

Fig. 8 shows a detailed comparison between the prediction of
the present correlation and the experimental value of the Nus-
selt number for different pin fin shapes. The color in the sym-
bols indicates the Reynolds number range of each data. As shown
in Fig. 7(h), an excellent prediction was made for the hydrofoil
shape, while poor predictions were made for the diamond and tri-
angular shapes. In the case of the circular, drop shape, oblique,
and square shapes, the MAEs were similar to the total average
MAE. In the case of the diamond shape in Fig. 8(b), the geome-
try varies, and therefore, even data with similar Reynolds numbers
show a wide distribution for the Nusselt number. Furthermore,
many outliers with high MAEs ( > 200%) can be observed, and 6
and & are low, 67.7% and 72.9%, respectively. The present correla-
tion overpredicted all data for the drop shape. For the triangular
shape data in Fig. 8(g), most data points are underpredicted, espe-
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cially in high Re ranges, while good predictions are observed for
Re < 300.

Fig. 9 shows a comparison of the Nusselt number predicted
by the present correlation and experimentally determined Nus-
selt numbers for the data of Kosar and Peles [11], Reeser et al.
[18], Falsetti et al. [22], and Kong et al. [24]. Relatively poor pre-
dictions were provided by the new correlation. For the data of
Kosar and Peles [11], indicated by green dots, experimentally de-
termined Nusselt numbers were relatively small, which led to a
high MAE owing to the characteristics of MAE calculation. All data
points of Reeser et al. [18], indicated by yellow dots, were over-
predicted, while most data points of Falsetti et al. [22] and Kong
et al. [24] were underpredicted by the present correlation. Since
the studies of Falsetti et al. [22] and Kong et al. [24]| were the only
studies involving R134A and R234fa, respectively, in the consoli-
dated data, it appears that the thermophysical property difference
between different working fluids is not well reflected in the pre-
dictions of the present correlation.
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Fig. 12. Comparison of the Nusselt numbers predicted by the three machine learning models (a) Keras, (b) XGBoost, and (c) LightGBM with the experimentally determined
Nusselt number for the data of Guan et al. [20] and Hua et al. [21] for circular pin fins. (d) A plot of Nusselt number vs. Reynolds number for circular pin fins for the data

of Guan et al. [20] and Hua et al. [21].

3.2. Predictions by machine learning models

Predictions of experimentally determined Nusselt numbers by
the three machine learning models of Keras, XGBoost, and Light-
GBM are shown in Fig. 10. Overall, a threefold enhancement was
achieved by the machine learning models compared with the pre-
dictions of existing and the newly proposed correlations. The over-
all trends of Keras, XGBoost, and LightGBM were very similar, and
the MAEs for the test data were 7.5%, 9.0%, and 10.9%, respectively.
Furthermore, the machine learning models showed very high 6
and &. We obtained 6 = 95.1% and & = 99.5% for Keras, which
were considerably higher compared with the best predictions by
the correlation of Liu et al. [36], with a 6 of 44.9% and a & of
79.1%, and by the newly proposed correlation with 0 = 74.5% and
& = 90.7%.

Fig. 11 shows comparisons of the MAE between the newly pro-
posed correlation and the three machine learning models for each
of the databases, geometries, and operating conditions. The bars
represent MAEs for the newly proposed correlation, Keras, XG-
Boost, and LightGBM from the left, while the horizontal lines are
the averaged MAEs of the total data. As shown in Fig. 11(a), similar
to the comparisons for existing correlations, relatively large MAEs
were observed for Kosar and Peles [11], Reeser et al. [18], Falsetti

et al. [22], and Kong et al. [24] owing to the aforementioned rea-
son, but the MAEs were substantially reduced to 0.5-10.6%, 3.5-
7.2%, 9.5-10.5%, and 3.2-4.4%, respectively.

The three machine learning models showed relatively large
MAEs for the data of Hua et al. [21], with MAEs of 7.2-9.1%, and
the data of Falsetti et al. [22], with MAEs of 9.5-10.5%.

Fig. 11(b) shows the distribution of the MAE for the three ma-
chine learning models for different ranges of the experimentally
determined Nusselt numbers. Relatively large MAEs were observed
for Nu = 0-2, and notably, LightGBM showed a higher MAE than
the other machine learning models in this Nu range.

The distributions of the MAE for the Reynolds number and
type of working fluid are presented in Fig. 11(c and d). Compared
with the results of the newly proposed correlation, significant re-
ductions were observed without considerable difference for all Re
ranges and types of working fluids. The machine learning models
showed relativley high MAEs for R134A because of insufficient data
points, but the MAEs were lower by 9.5-10.5% compared with that
for the present correlation, which showed the best prediction ac-
curacy among all correlations.

The distribution of the MAE for the different geometries of pin
fins is presented in Fig. 11(e-h). Overall, the three machine learn-
ing models showed very good predictions for a wide range of Hy
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Fig. 13. Comparison of triangular shape data prediction results between regression and (a) Keras, (b) XGBoost, and (c) LightGBM.

and Dy compared with the newly proposed correlation, as evident
in Fig. 11(e and f). Slightly higher MAEs were observed for the fin
height range of Hy = 0.5-0.6 mm and the fin diameter range of
Df = 0.4-0.5 mm, mainly because of large MAEs in Hua et al.’s
[21] and Falsetti et al.’s [22] data. Unlike the newly proposed cor-
relation, a higher MAE was observed for the staggered configura-
tion than the inline configuration, as shown in Fig. 11(g), and it
resulted from poor predictions by the machine learning models for
the data points of Hua et al. [21] and Falsetti et al. [22]. The ad-
vantages offered by the ANN using a nonlinear activation function
and XGBoost using Newton’s method for the optimization problem
and having extra randomization parameters [51] resulted in these
models outperforming the correlation based on power law regres-
sion.

Fig. 12(a-c) shows comparisons between the Nusselt number
predicted by the three machine learning models and the exper-
imentally determined Nusselt number for the circular shape of
Guan et al. [20] and Hua et al. [21] performed to investigate the
prediction accuracy of data with the same input parameters but
different Nusselt numbers. Evidently, the machine learning models
showed good prediction for the data of Guan et al. [20], but mostly
underpredicted for the data of Hua et al. [21]. The main reason for
this deviation is the problem caused by the difference in Nusselt
numbers between the experiments of these two studies. Fig. 12(d)
shows the experimental Nusselt numbers for the circular pin fin
shape extracted from Guan et al. [20] and Hua et al. [21] for differ-
ent Reynolds numbers. Higher Nusselt numbers were measured for
Hua et al.’s [21] data compared with Guan et al.’s data [20], even
though they claimed to use the same pin fin geometry. The model
accuracy can be improved if further detailed information about the
difference between the two experiments is available.

Fig. 13 shows comparisons of Nusselt number predictions by
both present correlation and the three machine learning models
for triangular pin fin data; poor predictions were made by the
newly proposed correlation. Evidently, overall predictions of the
three machine learning models for the triangular pin fin were
much better, especially in the high Reynolds number range, where
Nusselt numbers were considerably underpredicted by the newly
proposed correlation. From these results, we can infer that for var-
ious pin fin shapes, the machine learning approach provides better
prediction performance than the newly proposed correlation.

4. Conclusions

This study investigated a universal approach to predict the Nus-
selt number in micro-pin fin heat sinks with various shapes and
under different operating conditions. A consolidated database con-
sisting of 906 experimentally determined Nusselt number data was
constructed from 15 studies published over the past 15 years. The
Nusselt database consisted of five working fluids, hydraulic diame-
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ters of 38.1-2000 pm, pin fin heights of 90.9-2000 pm, longitu-
dinal and transverse spacings of 74-4240 pm, and Reynolds num-
bers of 14-1350. Three machine learning models were developed—
Keras, XGBoost, and LightGBM—and used to overcome the limita-
tions of existing Nusselt number prediction correlations based on
power law regression. The predictive accuracy of each model was
determined from the MAE, 0, and &. Furthermore, a new correla-
tion based on power law regression is proposed, and it was com-
pared with the machine learning models and existing correlations.
The key findings of this study are as follows.

(1) A newly proposed correlation shows the best predictive accu-
racy, with an MAE of 23.7%, which is much lower than those of
existing correlations (MAEs spanning 36-123%).

(2) Although the newly proposed regression model showed a much
lower MAE than existing correlations, poor predictions were
made for specific geometric parameter ranges, triangular pin
fins, and R134A as the working fluid, which were mainly be-
cause of insufficient data points.

(3) The machine learning models showed excellent predictions over
a wide range of geometric and operating conditions, with an
MAE of 7.5-10.9%, which was more than a threefold enhance-
ment compared with the newly proposed correlation. Further-
more, much higher 6 and & were observed, with 6 = 92.9% and
& = 97.3%.
For triangular shape data, the newly proposed correlation un-
derpredicted for data with high Re, but the machine learning
models predicted well for all the Reynolds number ranges. Ma-
chine learning could predict the Nusselt number change for the
various pin fin shapes better than the newly proposed correla-
tion.

Machine learning predictions are more accurate than predic-

tions of regression-based models; thus, a machine-learning-

based prediction model can be a substitute for regression-based
models for analyzing various heat transfer data for complex
shapes or wide operating ranges.

=
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