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a b s t r a c t 

Micro-pin fin heat sinks are receiving attention for their use in the thermal management of high-heat- 

flux electronics systems since they can help to enhance heat transfer characteristics (owing to their large 

extended surface area) and flow mixing while requiring relatively low pumping power compared with 

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 

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. 
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. Introduction 

.1. Necessity of thermal management in electronics 

The development of microfabrication technology has led to the 

iniaturization and integration of electronic devices, which in turn 

ave helped enhance the performance of electronic device sys- 

ems. However, this has significantly increased the thermal den- 

ity and hence the operating temperature of electronic devices. 

t is well known that the failure rate doubles when the operat- 

ng temperature of electronic devices doubles [1] , and the reliabil- 
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ty decreases sharply when the operating temperature exceeds the 

ermissible limit, which can lead to serious problems such as de- 

ice failure. Therefore, there have been many studies on increasing 

he heat dissipation rate in electronic devices, and methods such 

s pool boiling [ 2 , 3 ], spray cooling [4–6] , jet impingement [ 7 , 8 ],

nd the use of manifold microchannels [ 9 , 10 ] and micro-pin fins

11–25] have been developed. Among these methods, the use of 

icro-pin fins is very common in high-heat-dissipation electronic 

ystems such as 3D stacked data centers [25] , high-power LEDs 

26] , and power semiconductors [27] owing to their higher cool- 

ng performance with a relatively lower pressure drop compared 

ith microchannels. Early pin-type fins were often used for tur- 

ine blade cooling owing to their high cooling performance and 

igh area per unit volume [28] . In particular, early studies fo- 

used on characterizing the thermal performance of turbine blade 

https://doi.org/10.1016/j.ijheatmasstransfer.2022.123087
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Nomenclature 

A f surface area of pin fin 

A min minimum transverse area of pin fin array 

C p specific heat 

D f hydraulic diameter of pin fin 

D w 

transverse diameter of pin fin 

D L longitudinal diameter of pin fin 

f friction factor 

G mass flux 

h heat transfer coefficient 

H fin pin fin height 

k thermal conductivity 

L total length of channel 

˙ m mass flux 

N tot total number of pin fins 

N L total number of micro-pin fin rows 

Nu Nusselt number 

P wetted perimeter of pin fin 

P in inlet pressure 

Pr Prandtl number 

�P pressure drop 

q" heat flux 

Q volumetric flow rate 

Re Reynolds number 

S D diagonal spacing 

S L longitudinal spacing 

S T transverse spacing 

T b micro-pin fin base temperature 

T f fluid temperature 

T in inlet fluid temperature 

T out outlet fluid temperature 

u fluid velocity 

W total width of channel 

Greek symbols 

ρ density of fluid 

μ dynamic viscosity of fluid 

θ percentage of data points predicted within ±30% 

ξ 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 

ir cooling on the basis of geometrical changes in the height-to- 

iameter ( H fin / D f ) ratio and pin spacing ( S D and S T ) [ 29 , 30 ]. Later,

s advances in microfabrication techniques facilitated the fabrica- 

ion of micro-pin fin arrays in semiconductor devices, many stud- 

es were conducted to investigate the thermal and hydraulic per- 

ormance of micro-pin fin heat sinks with various geometries un- 

er different operating conditions to assess their suitability for the 

hermal management of electronic devices such as supercomput- 

rs, data centers, power electronics, and advanced military avionics 
2 
 25 , 31–33 ]. Ko ̧s ar et al. [ 11 , 12 ] studied the thermal performance of

taggered hydrofoil and circular micro-pin fins by using deionized 

DI) water. They determined the thermal-hydraulic performance of 

oth types of micro-pin fins and compared their results with exist- 

ng relevant correlations. Prasher et al. [34] investigated the ther- 

al and hydraulic performance of low-aspect-ratio circular pin fins 

ith DI water. They observed that the Nusselt number was pro- 

ortional to Re 0.84 for Re < 100 and Re 0.73 for Re > 100, and they

roposed a new correlation based on Metzger et al.’s [35] correla- 

ion, which was developed for gas turbine engine airfoil pin fins. 

u and Siu-Ho [13] investigated the thermal performance of stag- 

ered square pin fins by using DI water at temperatures of 30 and 

0 °C and proposed two types of correlations for the local Nusselt 

umber. Liu et al. [36] studied a staggered square pin fin’s thermal 

nd hydraulic performance for different fin and channel widths 

nd for Reynolds numbers between 60 and 800 by using DI water. 

hey showed that the Nusselt number increased with the Reynolds 

umber and proposed two new correlations for the average Nus- 

elt number. Lee et al. [ 15 , 17 ] considered an oblique pin fin mi-

rochannel and compared its thermal performance with that of a 

onventional microchannel by using DI water. They speculated that 

he oblique fin geometry caused the re-initialization of the thermal 

oundary layer and induced fluid mixing by creating secondary 

ow, which led to the oblique pin fin microchannel showing higher 

hermal performance. Hua et al. [21] performed an experimental 

tudy with pin fins of various shapes such as circular, elliptical, 

iamond-shaped, square-shaped, and triangular and reported the 

ependence of the Nusselt number on the flow rate. They pro- 

ided five Nusselt correlations for each pin shape and claimed that 

he elliptical pin fin provided superior thermal performance com- 

ared with the other shapes. Kharangate et al. [23] studied the 

hermal and hydraulic behavior of a staggered circular micro-pin 

n by using DI water and noted that the average Nusselt number 

nd Fanning friction factor were proportional to Re 1.04 and Re −0.52 , 

espectively. Kong et al. [ 24 , 25 ] investigated the single-phase heat 

ransfer and pressure drop for staggered circular pin fins with dif- 

erent mass fluxes and geometries. They proposed correlations for 

he Fanning friction factor and Nusselt number by using 256 data 

oints from 21 studies, and the correlations showed better predic- 

ion performance than existing correlations. They also mentioned 

hat more experiments should be conducted at low Reynolds num- 

ers and for various pin fin geometries for gaining a better under- 

tanding of the thermal and hydraulic performance of micro-pin 

ns. 

.2. Machine learning approaches for predicting thermal and 

ydraulic performance 

Machine learning has been in use since the 1950s, when Arthur 

amuel from IBM first coined the term “machine learning” [37] . 

osenblatt developed the perceptron [38] , and Werbos developed 

 multilayer perceptron (MLP) [39] in 1974. Early machine learn- 

ng was used for simple learning such as learning the rules of a 

ame of checkers [40] and recognizing patterns [41] . Following the 

evelopment of computer technology and various machine learn- 

ng algorithms, including support vector machines, boosting algo- 

ithms, and ensemble learning [37] , machine learning has been 

sed in numerous applications in fields such as genetics and ge- 

omics [42] , software engineering [43] , biology [44] , manufactur- 

ng [45] , healthcare [46] , and finance [47] . 

Machine learning has the advantage of being capable of model- 

ng complex systems with high accuracy, and therefore, studies in- 

olving machine learning have been actively conducted in the field 

f thermofluids. Artificial neural networks (ANNs), a type of ma- 

hine learning algorithms, can predict complex physical phenom- 

na with sufficient experimental data, without explicit mathemat- 
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cal representation [48] . Tan et al. [49] attempted to predict the 

hermal performance of a compact fin-tube heat exchanger with 

 mixture of water and ethylene glycol as the working fluid by 

sing an ANN. Outputs such as the overall rate of heat transfer 

nd the outlet air temperature of the heat exchanger were pre- 

icted better with the ANN than by a nonlinear regression model. 

ahani et al. [50] developed a model that could predict the Nus- 

elt number and pressure drop of a coil for various curvature ratios 

nd pitches; they varied the concentration of TiO 2 /water nanofluid 

assing through the coil by using an ANN and a least square sup- 

ort vector machine. Qiu et al. [51] developed prediction models 

or two-phase-flow pressure drop in mini-/microchannels by using 

NN, XGBoost, LightGBM, and K-nearest neighbor machine learn- 

ng algorithms. All algorithms showed higher prediction accuracy 

han existing correlations. Cho et al. [52] used an ANN to predict 

he heat transfer coefficient of free-fall condensation on the ex- 

ernal surfaces of vertical tubes in the presence of noncondensable 

ases. Their ANN model had an MAE of 4.2%, which was lower than 

hat of regression. A convolutional neural network (CNN), which is 

 type of machine learning algorithm, has the advantage of being 

apable of learning the physical features of an image by mimicking 

he human visual processing process [53] . Kim and Lee [54] used a 

NN trained with wall information (i.e., input data) obtained from 

irect numerical simulations (DNSs) to predict the heat transfer for 

urbulent channel flow. Their CNN model showed a correlation co- 

fficient of 0.98 for DNS data. Suh et al. [ 55 , 56 ] constructed a data-

riven learning framework by using a CNN and an object detection 

lgorithm to understand the boiling physics and the droplet con- 

ensation mechanism. Their CNN model successfully extracted the 

hysical features of boiling, which are difficult to observe with the 

uman eyes, with a mean error of 6%. For the droplet condensation 

echanism, they showed that the condensation performance was 

ffected by the trade-off between the heat transfer rate of each 

roplet and the droplet population density. 

Machine learning has also been used to predict the thermal per- 

ormance of pin fins. Ostanek [57] conducted MLP modeling to pre- 

ict the Nusselt number of turbine blade pin fins; they used the 

treamwise spacing, spanwise spacing, fin height, Reynolds num- 

er, and row position obtained from six experimental studies as 

nputs. A correlation obtained using a power law showed an accu- 

acy within 10% only for 48% of array-averaged heat transfer data, 

hereas 73% of the data showed an accuracy within 10% when an 

LP was used. Balachandar et al. [58] proposed an ANN model for 

redicting the base plate temperature of a hollow cylindrical pin 

n from computational fluid dynamics (CFD) results. They deter- 

ined the optimal pin fin shape by using a genetic algorithm (GA) 

nd ANN results and concluded that a hollow cylindrical pin fin 

howed better thermal performance than a solid cylindrical pin fin. 

eigzadeh et al. [59] presented an ANN prediction model and GA 

rediction correlations by using forced convection CFD results for 

nterrupted plate fins where air was used as the working fluid, and 

hey compared the performance of the GA correlations. The predic- 

ion accuracy of the ANN was superior to that of the GA prediction 

orrelations. On the basis of CFD results for a random spline pin 

n, Yang et al. [60] presented a temperature and pressure distri- 

ution prediction model using pix2pix networks and a GA. They 

lso proposed five optimized geometries. Lee et al. [61] consoli- 

ated various micro-pin fin heat sink data and developed new re- 

ression models and an ANN model to predict the friction factor. 

he ANN model showed better performance than existing regres- 

ion methods and their new regression models, indicating that ma- 

hine learning is more effective than regression for predicting the 

ressure drop in a pin fin heat sink. Most of the aforementioned 

tudies, with the exception of Lee et al. [61] and Ostanek et al. 

57] , used limited data—only their own experimental or numerical 

esults—and gas as the working fluid. 
3 
.3. Objective of present study 

Although several correlations based on power law regression 

ave been developed for predicting the thermal performance of pin 

ns over the last two decades, no generalized correlation cover- 

ng a wide range of geometric shapes and operational conditions 

nd valid for different working fluids having significantly differ- 

nt thermophysical properties has been proposed so far. The ob- 

ective of this study was to develop a universal model for pre- 

icting the thermal performance of micro-pin fins with various 

hapes and under different operating conditions. To this end, we 

massed experimentally determined heat transfer data points from 

5 studies published in the last two decades, and a consolidated 

atabase with a total 906 data points was analyzed to determine 

he effect of the geometry of micro-pin fin heat sinks and oper- 

ting conditions on the thermal performance of the micro-pin fin 

eat sinks. Furthermore, using three machine learning algorithms, 

e attempted to investigate more complex relations between the 

eometry, operating conditions, and heat transfer performance of 

icro-pin fin heat sinks. Finally, we compared the prediction ac- 

uracy of the universal model with that of a new regression model 

uilt using the same consolidated database. 

. Methods 

.1. Data compilation from previous studies 

The studies considered for constructing the consolidated 

atabase that was to be used for predicting the thermal perfor- 

ance of micro-pin fins are listed in Table 1 . A plot of the Nusselt

umber against the Reynolds number for the database is shown in 

ig. 1 . 

We limited the consolidated database to experimental data 

oints for developing an accurate prediction model. Data points 

ere excluded if (i) they were obtained in the presence of non- 

ondensable gases [ 62 , 63 ], (ii) nanofluids were used as the work- 

ng 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

as or by using a nanofluid as the working fluid were excluded 

ecause of the inherent complexity of the flow and heat trans- 

er characteristics. Micro-pin fins with tip clearance were also ex- 

luded for the same reason. Irregularly shaped pin fins such as pi- 

anha pin fins [66] were excluded because the hydraulic diameter 

ould not be accurately determined. Papers in which some param- 

ters of fins were not clearly stated were excluded; examples of 

uch parameter are the hydraulic diameter in the study of Wang 

t al. [65] and the Reynolds number of fins in the study of Ali and

rshad [19] . Pin fin shapes that cannot be predicted with existing 

orrelations were also excluded, such as the elliptical fin of Hua 

t al. [21] (since ( S L - D f )/ D f ≤ 0). 

The consolidated data comprised hydraulic diameter ( D f ), pin 

n height ( H fin ), transverse pitch of fins (S T ), longitudinal pitch of 

he fins ( S L ), transverse diameter of fins (D w 

), and longitudinal di- 

meter of fins ( D L ) as the geometric parameters; mass flow rate 

 ˙ m ), inlet and output temperatures ( T in and T out ), and heat flux ( q" )

s the operating conditions; and Reynolds number ( Re ), Prandtl 

umber ( Pr ), and the corresponding Nusselt number ( Nu ). The pa- 

ameters D f , Re, Pr, and Nu were defined as follows: 

 f = 

4 A f 

P 
, (1) 

e = 

ρu max D f 

μ
, (2) 
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Table 1 

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

# Author Shape Configuration 

Working 

Fluid H f [ μm] D f [ μm] q" [W/cm 

2 ] Re Nu Operating conditions Remark 

#1 Ko ̧s ar and Peles [11] Circular Staggered Water 243 95 3.8–167 14–112 0.8–7.1 G = 90–850 kg/m 

2 s Nu calculated from h 

#2 Ko ̧s ar et al. [12] Hydrofoil Staggered Water 243 74.7 4–308 15–720 1–8 G = 134–6600 kg/m 

2 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 

2 s 

T in = 30 °C, 60 °C 
P in = 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 

2 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 

2 s 

Assuming T in = 20 °C from 

author’s other study using same 

apparatus 

Nu calculated from 

Nu channel 

#6 Zhou et al. [16] Drop shape Staggered Water 200 200 41.7–111.4 260–

1350 

9–20 G = 260–1350 kg/m 

2 s 

T in = 20 °C 
Nu calculated from h 

#7 Lee et al. [17] Oblique Inline Water 374 520 65 200–500 9.3–15 G = 250–670 kg/m 

2 s 

T in = 20 °C 
Nu calculated from 

Nu channel 

#8 Reeser et al. [18] Square 

Diamond 

Inline 

Staggered 

Water 305 153 19–108 100–300 2–4.5 G = 400–13,000 kg/m 

2 s 

T in = 30 °C 
Nu calculated from h 

#9 Ali and Arshad [19] Diamond Staggered Water 2000 200 3.7 280–580 4.8–9.2 G = 250–670 kg/m 

2 s 

T in = 25 °C 
Inline configuration 

is excluded 

#10 Guan et al. [20] Circular 

Diamond 

Triangular 

Staggered Water 500 400 

358 

247.2 

24.6–71.8 90–1000 2–23 G = 230–2800 kg/m 

2 s Nu calculated from h 

#11 Hua et al. [21] Circular 

Diamond 

Square 

Triangular 

Staggered Water 500 400 

358 

400 

247.2 

24–120 90–650 4–20 G = 290–1100 kg/m 

2 s 

T in = 20 °C 
Nu calculated using 

h , 

Elliptic pin fin data 

were excluded 

#12 Falsetti et al. [22] Circular Staggered R134A 100 50 20–44 170–400 3–22 G = 750–1750 kg/m 

2 s 

T in = 20 °C, T out = 25 °C 
Nu calculated from 

Nu channel 

#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 

2 s 

T in = 25 °C, T out = 24.5 – 84.3 °C 
#14 Kong et al. [24] Circular Staggered R245fa 207 

208 

45, 90, 100 2.5–48.7 35–480 2–16.6 G = 300–1500 kg/m 

2 s 

T in = 22.2–25.3 °C 
P in = 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 

2 s 

T in = 21.5 °C–25.1 °C 

4
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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. 

Fig. 2. (a) Shapes and (b) configuration types of pin fins, along with geometrical information. 
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 r = 

C p μ

k 
, (3) 

u = 

h D f 

k 
. (4) 

Here, A f is the cross-sectional area of a fin, P is the wetted 

erimeter, and u max and u in are the maximum fluid velocity and 

nlet fluid velocity of the channel, respectively. The parameter u max 

iffers from the minimum flow area, and it depends on the pin fin 

onfiguration. The mimimun flow area is determined by the trans- 

erse pitch of fins in the case of the inline configuration, while it 

s determined by the smallest transverse or diagonal pitch of fins 

n the case of the staggered configuration. 

nline: u max = 

S T 
S T −D f 

u in . (5-1) 

taggered: u max = ( 
S T 

S T −D f 
u in , 

S T 
2( S D −D f ) 

u in ) . (5-2) 

The experimental conditions and shapes associated with the 

ata are summarized below. The shapes and configurations of pin 

ns considered in this study are shown in Fig. 2 , and the distribu-

ion of data for the different geometries and operating conditions 

s 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: 38.1–20 0 0 μm. 

Pin fin height: 90.9–20 0 0 μm. 
5

Longitudinal spacing: 74–30 0 0 μm. 

Transverse spacing: 74–4240 μm. 

Reynolds number: 14–1350. 

Prandtl number: 1.6–11.5. 

.2. Parameter selection using Kendall rank coefficient 

Fig. 4 shows the Kendall rank coefficient of the Nusselt number 

ased on parameters of a micro-pin fin. The Kendall rank corre- 

ation is a nonparametric method that does not assume a specific 

istribution of the population; it is the preferred method when the 

umber of data and outliers is small [51] . Eq. (6 ) shows the for-

ula for calculating the Kendall rank correlation for parameters x 

nd y . The parameter τ is the Kendall rank coefficient and it has 

 value between + 1 and −1. It is calculated by dividing the to- 

al number of all pairs by the difference between the number of 

oncordant pairs and the number of nonconcordant pairs. A value 

loser to + 1 implies a positive relationship between the parame- 

ers, while a value closer to −1 indicates a negative relationship. 

s the p -value was obtained together with the Kendall rank coef- 

cient, it was judged that the parameters whose p -value was less 

han 0.001 were correlated with the Nusselt number [70] . Further- 

ore, S L , S T , H fin , D w 

, D f , Pr , and Re had p -values larger than 0.001

nd were selected for regression and machine learning. D L was cal- 

ulated to be 0.016, with a p -value much greater than 0.001. This 

ndicates failure to reject the null hypothesis and hence the ab- 

ence of correlation between Nusselt number and D ; therefore, D 
L L 
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Fig. 3. Distribution of data points in terms of the (a) database, (b) Nusselt number, (c) Reynolds number, (d) working fluid, (e) hydraulic diameter, (f) fin height, (g) 

configuration, and (h) shape. 
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as not used for prediction modeling. 

= 

2 

n (n − 1) 

∑ 

i< j 

sgn ( x i − x j ) sgn ( y i − y j ) . (6) 

.3. Proposed machine learning models 

We developed prediction models for the Nusselt number of 

icro-pin fin heat sinks with various geometries and for differ- 

nt operating conditions by using an MLP, a type of ANN, XG- 

oost [71] and LightGBM [72] , which are different types of ensem- 

le learning. All the machine learning processes were conducted in 

he Spyder environment. First, all data were transformed to natu- 

al log values and standardized using SKlearn’s StandardScaler be- 

ore hyperparameter optimization and training, for decreasing the 
6 
kewness of data and mitigating scale differences between differ- 

nt data sets [73] . Subsequently, the data were divided into two 

arts: 80% for use as a training set and 20% for use as a test set.

yperparameter optimization was performed through Bayesian op- 

imization, and K-fold cross-validation (with K = 5) was performed. 

verfitting was minimized using the early-stopping strategy. Over- 

tting occurs when the model fits the training data too closely 

nd the noise and outliers are weighted. Therefore, when overfit- 

ing occurs, the error in the training data decreases and the er- 

or in the validation data increases simultaneously. If the objec- 

ive function does not improve over 10 0 0 iterations and overfit- 

ing occurs, training ends and the model chooses the best result 

ather than the final one. The prediction accuracy for a test set 

as determined using the weight of the model that minimized the 

ean absolute error (MAE) of the validation data for the five K-fold 
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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. 

Fig. 5. Architecture of an MLP. 
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.3.1. MLP 

An MLP is a neural network that is connected to a single per- 

eptron to form a multilayer. Each layer consists of an input layer, 

 hidden layer, and an output layer. The node of each layer re- 

eives the output value from the previous layer as the input value 

nd updates the weight by using the activation function. The basic 

tructure of an MLP is shown in Fig. 5 . In this study, model train-

ng was performed by using a model constructed with TensorFlow 

version 2.5.0) and NumPy (version 1.21.0), which are libraries of 

ython (version 3.9.5). Leaky rectified linear unit (LReLU) ( α = 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 

ctivation functions. The LReLU equation is shown in Eq. (7 ). Un- 

ike ReLU, which returns the input for a positive input and zero 

or a negative input, LReLU returns a nonzero output for a nega- 

ive input. The weight was initialized using the He method, and 

he output was updated using the Adam optimizer [76] , which is a 

ombination of AdaGrad [77] and RMSProp [78] . 

f ( x ) = 

{
x 

0 . 2 x 
for 

x ≥ 0 

x < 0 

. (7) 
e

7

.3.2. XGBoost 

The algorithm used for the comparison was XGBoost, which is 

ased on gradient boosting decision tree. Gradient boosting de- 

ision tree is one of the ensemble learning algorithms involv- 

ng boosting, and it employs a series of decision trees as weak 

earners and combines them to create a strong learner. XGBoost 

ses classification and regression trees as a decision tree and per- 

orms training by correcting the previous predictor with a resid- 

al at every iteration [79] . Notably, XGBoost prevents overfitting 

y adding a regularization term to the objective function and im- 

roves speed through parallel processing. XGBoost model was cre- 

ted and trained using XGBRegressor of XGBoost (version 1.4.2) 

80] . 

.3.3. LightGBM 

LightGBM, similar to XGBoost, is an algorithm using Gradient 

oosting Decision Tree. It was developed by Microsoft Research 

ab Asia in 2016 to improve the speed of the XGBoost algorithm. 

GBoost has the disadvantage of being time-consuming because 

ll data should be scanned to obtain the information gain for 

ach 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 

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] . 
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ased One-Side Sampling (GOSS) and Exclusive Feature Bundling 

EFB). Data with small gradients are excluded through GOSS, and 

he information gain is used only for the remaining data. Fur- 

hermore, the exclusion of some features through EFB results in 

 higher speed. A LightGBM model was developed using LGBMRe- 

ressor of LightGBM (version 3.2.1) [80] . 

.4. Bayesian hyperparameter optimization 

Before the development of prediction models, hyperparameters 

ere optimized through Bayesian optimization, which shows bet- 

er performance than other global optimization algorithms when 

he amount of computation is large and the objective function is 

n unknown black-box function [81] . Bayesian optimization learns 

he optimal hyperparameter that maximizes the objective function. 
8

n the optimization process, the shape of an unknown objective 

unction is probabilistically estimated through a Gaussian process 

nvolving a surrogate model, and the estimated value of the ob- 

ective function is obtained from the previous hyperparameter. The 

yperparameter for the next search is determined using an acqui- 

ition function. 

Hyperparameters of all three machine learning models were 

ptimized through Bayesian optimization. Optimal hyperparame- 

ers of Keras were obtained through KerasTuner (version 1.0.3), 

nd those of XGBoost and LightGBM were obtained through 

ayesianOptimization (version 1.2.0). KerasTuner is a hyperparam- 

ter tuning library of Keras, and BayesianOptimization is the hy- 

erparameter tuning library of XGBoost and LightGBM. The hyper- 

arameters and model configuration determined through Bayesian 

ptimization are listed in Table 2 . 
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Table 3 

Existing and proposed Nusselt number correlations for pin fins. 

Author Shape Configuration Working fluid Correlation Geometry Operating conditions MAE 

Present 

study 

Circular 

Diamond 

Drop shape 

Hydrofoil 

Oblique 

Square 

Triangular 

Staggered 

Inline 

DI water 

R245fa 

R134A 

FC-72 

Nu = 0 . 157 ( 
H f 
D f 

) 
−0 . 34 

( 
S L −D f 

D f 
) 
−0 . 09 

( 
S T −D f 

D f 
) 
−0 . 39 

( D w 
D f 

) 
0 . 1 

Re 0 . 59 Pr 0 . 52 D f = 38.1–2000 

H f = 90.9–2000 

S T = 74–4240 

S L = 74–3000 

Re = 14–1350 23.7% 

Metzger 

et al. [35] 

Circular Staggered Air Nu = 0 . 135 ( 
S L −D f 

D f 
) −0 . 34 R e 0 . 69 H f /D = 1.0 

S T /D f = 2.5 

1.5 < S L /D f < 5.0 

Re = 10 3 –10 5 41.0% 

Prasher 

et al. [34] 

Circular Staggered DI water Nu = 0 . 132 ( 
S L −D f 

D f 
) −0 . 256 R e 0 . 84 (Re < 100) 

Nu = 0 . 281 ( 
S L −D f 

D f 
) −0 . 63 R e 0 . 73 (Re > 100) 

D f = 55–153 

H f = 155–310 

S T = 200–306 

S L = 200–612 

Re = 40–1000 

T in = 50 °C 
71.0% 

Qu and Siu-Ho [13] Square Staggered DI water Nu = 0 . 0285 R e 0 . 932 P r 1 / 3 D f = 200 

H f = 670 

S T = 400 

S L = 400 

Re = 45.9–179.6 

T in = 30, 60 °C 
q” = 7.5–98 W/cm 

2 

43.3% 

Liu 

et al. [36] 

Square Staggered DI water Nu = 0 . 1245 R e 0 . 615 P r 1 / 3 D f = 445, 559 

H f = 3000 

S T = 355, 241 

S L = 355, 241 

Re = 60–800 

q” = 10–283 W/cm 

2 

36.7% 

Kharangate 

et al. [23] 

Circular Staggered DI water Nu = 0 . 0282 R e 1 . 04 P r 1 / 3 D f = 43.5 

H f = 110 

S T = 100 

S L = 100 

Re = 23–135 

T in = 25 °C 
q” = 24–141.4 W/cm 

2 

123.1% 

9
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Fig. 7. Distribution of MAE for predictions of newly proposed correlation based on power law regression relative to (a) each database, (b) Nusselt number, (c) Reynolds 

number, (d) working fluid, (e) hydraulic diameter, (f) fin height, (g) pin fin configuration, and (h) shape. 
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.5. Existing and proposed correlations 

Relevant existing correlations and a newly developed correla- 

ion were used for the comparative analysis of correlation-based 

redictions and machine learning predictions. Five correlations 

hat are widely used were considered in the comparative analy- 

is. Correlations with Pr s [82–84] were intentionally excluded since 

ata available for Pr s were limited. A correlation for relatively 

arge-scale pin fins [68] was also excluded since the comparison 

ertained to microscale pin fins. A predictive model involving a 

inear regression method was developed by modifying the shape 

f an existing model, for direct comparison with the three machine 

earning models. 

A new regression model was developed using the consolidated 

atabase and SKlearn’s linear regression library. Linear regression 

as performed by finding the coefficient that minimized the sum 

f squares of the predicted value and actual value. On the basis 

f the results obtained through the Kendall rank coefficient anal- 

M

10 
sis, the form of the regression was determined by modifying the 

egression equation of Prasher et al. [34] and Metzger et al. [35] . 

etailed information on existing and the newly proposed correla- 

ions is presented in Table 3 . 

. Results and discussion 

In this study, the prediction accuracies of regression and ma- 

hine learning models were compared. Three parameters, namely 

AE, θ , and ξ , were used for making a quantitative comparison. 

he MAE is the average value obtained by dividing the difference 

etween the predicted value and the experimental value by the 

xperimental value: 

AE = 

1 

n 

∑ 

( 
y pred − y exp 

y exp 
) × 100 . (8) 

Furthermore, θ and ξ are the percentage of data that satisfy the 

AE 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. 

t

w

w

m

n

3

s

b

hey were compared to understand how much the predicted value 

as within the error range. MAEs for the machine learning models 

ere determined from the test data, while those for the regression 

odels were obtained using the entire data since regression did 

ot require the classification of data into training and test data. 
11 
.1. Predictions with existing and newly proposed correlations 

Fig. 6 shows a comparison of the experimentally obtained Nus- 

elt number in the consolidated database with the values predicted 

y existing and the newly proposed regression models. Evidently, 
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Fig. 9. Comparison of Nusselt numbers predicted by the present regression with 

experimentally determined Nusselt numbers. 
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he new regression model showed the smallest MAE, 23.7%. Exist- 

ng correlations showed a relatively large MAE of 36.7–123.1%, and 

 correlation with a larger Reynolds number order tended to have 

 higher MAE. Among the existing correlations, the correlation of 

iu et al. [36] showed the lowest MAE, 36.7%. The correlation of 

harangate et al. [23] , which was developed using the smallest 

in fin and without considering any geometric parameter, overpre- 

icted, and it showed the highest MAE (123.1%). For θ , among the 

xisting correlations, the correlation of Qu and Siu-Ho [13] showed 

he highest value, namely 58.2%, and it was followed by the corre- 

ation of Prasher et al. [34] , with 52.3%. Liu et al.’s [36] correlation

howed better agreement with the database compared with the 

ther correlations, but θ was 44.9% since the probability of accu- 

ately predicting the Nusselt number with an MAE of 30% or less is 

elatively small. Metzger et al.’s [35] correlation also showed a low 

AE, 41.0%, but the proportion of accurately predicting the Nusselt 

umber with an MAE of 30% or less was only 29.4%. On the other 

and, the newly proposed regression model predicted most data, 

nd it showed the highest prediction accuracy for both θ and ξ
74.5% and 90.7%, respectively). 

Fig. 7 shows the distribution of the MAE for the prediction of 

he newly proposed correlation, which was examined on the ba- 

is of each of the databases, Nusselt numbers, operating condi- 

ions, and geometric parameters. Overall, the present correlation 
Fig. 10. Machine learning prediction results for test d

12 
howed good predictive accuracies for most parameter bins, as in- 

icated by MAEs of about 20%, and it provided better predictions 

or databases with a larger number of data points. As shown in 

ig. 7 (a), the lowest MAE was observed for the experimental data 

f Jung et al. [25] . Poor predictions were observed for the data of 

eeser et al. [18] and Falsetti et al. [22] , with MAEs of 96.5% and

7.4%, respectively, owing to the relatively small number of data 

or R134A and R245fa in the consolidated database. Fig. 7 (b) shows 

he distribution of the MAE for the present correlation accord- 

ng to the range of the experimentally determined Nusselt num- 

er. Similar MAEs were observed for most Nusselt number ranges, 

ut they were slightly larger in relatively small and large Nusselt 

anges, namely for 0 < Nu < 2 and Nu > 20. A large MAE for

u = 0–2 is expected from the nature of the MAE metric, which is 

igh and shows a small difference between small Nusselt numbers. 

or Nu > 20, the number of data was relatively small, and most 

ata of Guan et al. [20] corresponded to a triangular shape, result- 

ng in a high MAE. Fig. 7 (c and d) shows the distribution of the

AE for Reynolds number and type of working fluid. Low MAEs 

re apparent in the parameter range with a large number of data 

oints, such as Re = 10 0 0–140 0 in Fig. 7 (c) and R134A in Fig. 7 (d).

elatively large MAEs were observed in the ranges of Re = 200–

00 and Re = 60 0–80 0; the former range contained Reeser et al.’s 

18] data and the latter involved Ko ̧s ar et al.’s [12] data and the

riangular data of Guan et al. [20] . For Ko ̧s ar et al.’s [12] data, the

AE tended to increase with Re , although the overall MAE was 

ow. The MAEs of both R134A and R245fa were relatively large be- 

ause of an insufficient number of data points. Despite the small 

umber of data points, the present correlation predicted very well 

or FC-72. This was because Jung et al.’s study [25] was the only 

tudy involving FC-72, and their small hydraulic diameter led to 

he Nusselt number being located almost in the middle of the con- 

olidated database. The distribution of the MAE for different pin 

n geometries is shown in Fig. 7 (e–h). Fig. 7 (e and f) shows the

AE distribution for the hydraulic diameter and fin height, while 

ig. 7 (g and h) shows it for the fin configuration and pin fin shape.

elatively large MAEs are observed in the range D f = 0.1–0.2 mm 

nd H f = 0.3–0.4 mm and for the inline configuration, mainly be- 

ause of Reeser et al.’s [18] data points, for which the present cor- 

elation yielded a poor prediction. The present correlation showed 

xcellent prediction for the hydrofoil, as evidenced by the MAE 

f 13.8%, owing to the large number of data points, but relatively 

arge MAEs were obtained for the diamond and triangular shapes 

36.1% and 37.6%, respectively). The poor prediction for the dia- 

ond shape was because the D f and H f ranges were small and 

cattered in the database, and it had comparably low θ and ξ , 

amely 67.7% and 72.9%, respectively. Poor prediction was obtained 

or the triangular shape, which usually has a high Nusselt number 

ompared with other shapes for given operating conditions, and 
ata: (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. 
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he present correlation slightly underpredicted. Further analysis of 

he accuracy of the present correlation for the pin fin shape is pre- 

ented in Fig. 8 . 

Fig. 8 shows a detailed comparison between the prediction of 

he present correlation and the experimental value of the Nus- 

elt number for different pin fin shapes. The color in the sym- 

ols indicates the Reynolds number range of each data. As shown 

n Fig. 7 (h), an excellent prediction was made for the hydrofoil 

hape, while poor predictions were made for the diamond and tri- 

ngular shapes. In the case of the circular, drop shape, oblique, 

nd square shapes, the MAEs were similar to the total average 

AE. In the case of the diamond shape in Fig. 8 (b), the geome-

ry varies, and therefore, even data with similar Reynolds numbers 

how a wide distribution for the Nusselt number. Furthermore, 

any outliers with high MAEs ( > 200%) can be observed, and θ
nd ξ are low, 67.7% and 72.9%, respectively. The present correla- 

ion overpredicted all data for the drop shape. For the triangular 

hape data in Fig. 8 (g), most data points are underpredicted, espe- 
13 
ially in high Re ranges, while good predictions are observed for 

e < 300. 

Fig. 9 shows a comparison of the Nusselt number predicted 

y the present correlation and experimentally determined Nus- 

elt numbers for the data of Ko ̧s ar and Peles [11] , Reeser et al.

18] , Falsetti et al. [22] , and Kong et al. [24] . Relatively poor pre-

ictions were provided by the new correlation. For the data of 

o ̧s ar and Peles [11] , indicated by green dots, experimentally de- 

ermined Nusselt numbers were relatively small, which led to a 

igh MAE owing to the characteristics of MAE calculation. All data 

oints of Reeser et al. [18] , indicated by yellow dots, were over- 

redicted, while most data points of Falsetti et al. [22] and Kong 

t al. [24] were underpredicted by the present correlation. Since 

he studies of Falsetti et al. [22] and Kong et al. [24] were the only

tudies involving R134A and R234fa, respectively, in the consoli- 

ated data, it appears that the thermophysical property difference 

etween different working fluids is not well reflected in the pre- 

ictions 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] . 
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.2. Predictions by machine learning models 

Predictions of experimentally determined Nusselt numbers by 

he three machine learning models of Keras, XGBoost, and Light- 

BM are shown in Fig. 10 . Overall, a threefold enhancement was 

chieved by the machine learning models compared with the pre- 

ictions of existing and the newly proposed correlations. The over- 

ll trends of Keras, XGBoost, and LightGBM were very similar, and 

he MAEs for the test data were 7.5%, 9.0%, and 10.9%, respectively. 

urthermore, the machine learning models showed very high θ
nd ξ . We obtained θ = 95.1% and ξ = 99.5% for Keras, which 

ere considerably higher compared with the best predictions by 

he correlation of Liu et al. [36] , with a θ of 44.9% and a ξ of

9.1%, and by the newly proposed correlation with θ = 74.5% and 

= 90.7%. 

Fig. 11 shows comparisons of the MAE between the newly pro- 

osed correlation and the three machine learning models for each 

f the databases, geometries, and operating conditions. The bars 

epresent MAEs for the newly proposed correlation, Keras, XG- 

oost, and LightGBM from the left, while the horizontal lines are 

he averaged MAEs of the total data. As shown in Fig. 11 (a), similar

o the comparisons for existing correlations, relatively large MAEs 

ere observed for Ko ̧s ar and Peles [11] , Reeser et al. [18] , Falsetti
14 
t al. [22] , and Kong et al. [24] owing to the aforementioned rea-

on, but the MAEs were substantially reduced to 0.5–10.6%, 3.5–

.2%, 9.5–10.5%, and 3.2–4.4%, respectively. 

The three machine learning models showed relatively large 

AEs for the data of Hua et al. [21] , with MAEs of 7.2–9.1%, and

he 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- 

hine learning models for different ranges of the experimentally 

etermined Nusselt numbers. Relatively large MAEs were observed 

or Nu = 0–2, and notably, LightGBM showed a higher MAE than 

he other machine learning models in this Nu range. 

The distributions of the MAE for the Reynolds number and 

ype of working fluid are presented in Fig. 11 (c and d). Compared 

ith the results of the newly proposed correlation, significant re- 

uctions were observed without considerable difference for all Re 

anges and types of working fluids. The machine learning models 

howed relativley high MAEs for R134A because of insufficient data 

oints, but the MAEs were lower by 9.5–10.5% compared with that 

or the present correlation, which showed the best prediction ac- 

uracy among all correlations. 

The distribution of the MAE for the different geometries of pin 

ns is presented in Fig. 11 (e–h). Overall, the three machine learn- 

ng models showed very good predictions for a wide range of H f 
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Fig. 13. Comparison of triangular shape data prediction results between regression and (a) Keras, (b) XGBoost, and (c) LightGBM. 
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nd D f compared with the newly proposed correlation, as evident 

n Fig. 11 (e and f). Slightly higher MAEs were observed for the fin

eight range of H f = 0.5–0.6 mm and the fin diameter range of 

 f = 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- 

elation, a higher MAE was observed for the staggered configura- 

ion than the inline configuration, as shown in Fig. 11 (g), and it 

esulted from poor predictions by the machine learning models for 

he data points of Hua et al. [21] and Falsetti et al. [22] . The ad-

antages offered by the ANN using a nonlinear activation function 

nd XGBoost using Newton’s method for the optimization problem 

nd having extra randomization parameters [51] resulted in these 

odels outperforming the correlation based on power law regres- 

ion. 

Fig. 12 (a–c) shows comparisons between the Nusselt number 

redicted by the three machine learning models and the exper- 

mentally determined Nusselt number for the circular shape of 

uan et al. [20] and Hua et al. [21] performed to investigate the 

rediction accuracy of data with the same input parameters but 

ifferent Nusselt numbers. Evidently, the machine learning models 

howed good prediction for the data of Guan et al. [20] , but mostly 

nderpredicted for the data of Hua et al. [21] . The main reason for

his deviation is the problem caused by the difference in Nusselt 

umbers between the experiments of these two studies. Fig. 12 (d) 

hows the experimental Nusselt numbers for the circular pin fin 

hape extracted from Guan et al. [20] and Hua et al. [21] for differ-

nt Reynolds numbers. Higher Nusselt numbers were measured for 

ua et al.’s [21] data compared with Guan et al.’s data [20] , even

hough they claimed to use the same pin fin geometry. The model 

ccuracy can be improved if further detailed information about the 

ifference between the two experiments is available. 

Fig. 13 shows comparisons of Nusselt number predictions by 

oth present correlation and the three machine learning models 

or triangular pin fin data; poor predictions were made by the 

ewly proposed correlation. Evidently, overall predictions of the 

hree machine learning models for the triangular pin fin were 

uch better, especially in the high Reynolds number range, where 

usselt numbers were considerably underpredicted by the newly 

roposed correlation. From these results, we can infer that for var- 

ous pin fin shapes, the machine learning approach provides better 

rediction performance than the newly proposed correlation. 

. Conclusions 

This study investigated a universal approach to predict the Nus- 

elt number in micro-pin fin heat sinks with various shapes and 

nder different operating conditions. A consolidated database con- 

isting of 906 experimentally determined Nusselt number data was 

onstructed from 15 studies published over the past 15 years. The 

usselt database consisted of five working fluids, hydraulic diame- 
15 
ers of 38.1–20 0 0 μm, pin fin heights of 90.9–20 0 0 μm, longitu-

inal and transverse spacings of 74–4240 μm, and Reynolds num- 

ers of 14–1350. Three machine learning models were developed—

eras, XGBoost, and LightGBM—and used to overcome the limita- 

ions of existing Nusselt number prediction correlations based on 

ower law regression. The predictive accuracy of each model was 

etermined from the MAE, θ , and ξ . Furthermore, a new correla- 

ion based on power law regression is proposed, and it was com- 

ared with the machine learning models and existing correlations. 

he 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 θ and ξ were observed, with θ = 92.9% and 

ξ = 97.3%. 

4) 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. 

5) 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. 

eclaration of Competing Interest 

The authors declare that they have no known competing finan- 

ial interests or personal relationships that could have appeared to 

nfluence the work reported in this paper. 

RediT authorship contribution statement 

Kiwan Kim: Data curation, Formal analysis, Investigation, Writ- 

ng – original draft. Haeun Lee: Data curation, Writing – review 

 editing. Minsoo Kang: Methodology, Data curation. Geonhee 

ee: Data curation. Kiwook Jung: Methodology. Chirag R. Kha- 

angate: Investigation, Supervision. Mehdi Asheghi: Supervision. 



K. Kim, H. Lee, M. Kang et al. International Journal of Heat and Mass Transfer 194 (2022) 123087 

K

W

A

i

n

o

I

2

s

R

 

 

 

 

 

 

 

[  

 

[

[

[  

[  

[  

 

[

[

[

[

[

[

[  

[

[  

[  

[

[

[

[

[

[  

[

[

enneth E. Goodson: Supervision. Hyoungsoon Lee: Supervision, 

riting – review & editing. 

cknowledgment 

This research was supported by the Samsung Research Fund- 

ng and Incubation Center of Samsung Electronics under project 

umber SRFC-TA190306, the Korea Institute of Energy Technol- 

gy Evaluation and Planning (KETEP) , and the Ministry of Trade, 

ndustry and Energy (MOTIE) of the Republic of Korea (No. 

02140 0 0 0 0 0280 ), and the Chung-Ang University Graduate Re- 

earch Scholarship in 2020. 

eferences 

[1] K.J. Laidler, The development of the Arrhenius equation, J. Chem. Educ. 61 

(1984) 494, doi: 10.1021/ed061p494 . 

[2] N.S. Dhillon, J. Buongiorno, K.K. Varanasi, Critical heat flux maxima during 
boiling crisis on textured surfaces, Nat. Commun. 6 (2015) 8247, doi: 10.1038/ 

ncomms9247 . 
[3] D. Kong, M. Kang, K.Y. Kim, J. Jang, J. Cho, J.B. In, H. Lee, Hierarchically struc-

tured laser-induced graphene for enhanced boiling on flexible substrates, ACS 
Appl. Mater. Interfaces 12 (2020) 37784–37792, doi: 10.1021/acsami.0c11402 . 

[4] Y. Kim, S. Jung, S. Kim, S.T. Choi, M. Kim, H. Lee, Heat transfer performance of

water-based electrospray cooling, Int. Commun. Heat Mass Transf. 118 (2020) 
104861, doi: 10.1016/j.icheatmasstransfer.2020.104861 . 

[5] I. Mudawar, D. Bharathan, K. Kelly, S. Narumanchi, Two-phase spray cooling 
of hybrid vehicle electronics, IEEE Trans. Compon. Packag. Technol. 32 (2009) 

501–512, doi: 10.1109/TCAPT.20 08.20 06907 . 
[6] J.L. Xie, Y.B. Tan, T.N. Wong, F. Duan, K.C. Toh, K.F. Choo, P.K. Chan, Y.S. Chua,

Multi-nozzle array spray cooling for large area high power devices in a closed 
loop system, Int. J. Heat Mass Transf. 78 (2014) 1177–1186, doi: 10.1016/j. 

ijheatmasstransfer.2014.07.067 . 

[7] S.M. Walsh, B.A. Malouin, E.A. Browne, K.R. Bagnall, E.N. Wang, J.P. Smith, 
Embedded microjets for thermal management of high power-density elec- 

tronic devices, IEEE Trans. Compon. Packag. Manuf. Technol. 9 (2019) 269–278, 
doi: 10.1109/TCPMT.2018.2867788 . 

[8] T.W. Wei, H. Oprins, V. Cherman, E. Beyne, M. Baelmans, Experimental and 
numerical investigation of direct liquid jet impinging cooling using 3D printed 

manifolds on lidded and lidless packages for 2.5D integrated systems, Appl. 

Therm. Eng. 164 (2020) 114535, doi: 10.1016/j.applthermaleng.2019.114535 . 
[9] D. Kong, Y. Kim, M. Kang, E. Song, Y. Hong, H.S. Kim, K.J. Rah, H.G. Choi, D. Ag-

onafer, H. Lee, A holistic approach to thermal-hydraulic design of 3D manifold 
microchannel heat sinks for energy-efficient cooling, Case Stud. Therm. Eng. 

28 (2021) 101583, doi: 10.1016/j.csite.2021.101583 . 
[10] K.W. Jung, C.R. Kharangate, H. Lee, J. Palko, F. Zhou, M. Asheghi, E.M. Dede,

K.E. Goodson, Embedded cooling with 3D manifold for vehicle power elec- 

tronics application: single-phase thermal-fluid performance, Int. J. Heat Mass 
Transf. 130 (2019) 1108–1119, doi: 10.1016/j.ijheatmasstransfer.2018.10.108 . 

[11] A. Ko ̧s ar, Y. Peles, Thermal-hydraulic performance of MEMS-based pin fin heat 
sink, J. Heat Transf. 128 (2006) 121, doi: 10.1115/1.2137760 . 

[12] A. Ko ̧s ar, C.J. Kuo, Y. Peles, Hydrofoil-based micro pin fin heat sink, 
in: Proceedings of the ASME 2006 International Mechanical Engineering 

Congress and Exposition, Chicago, Illinois, USA, 2006, pp. 563–570, doi: 10.1115/ 

IMECE2006-13257 . 
[13] W. Qu, A. Siu-Ho, Liquid single-phase flow in an array of micro-pin-fins—part 

I, J. Heat Transf. 130 (2008) 122402, doi: 10.1115/1.2970080 . 
[14] S. Krishnamurthy, Y. Peles, Flow boiling of water in a circular staggered micro- 

pin fin heat sink, Int. J. Heat Mass Transf. 51 (2008) 1349–1364, doi: 10.1016/j.
ijheatmasstransfer.2007.11.026 . 

[15] Y.J. Lee, P.S. Lee, S.K. Chou, Experimental investigation of oblique finned mi- 

crochannel heat sink, in: Proceedings of the 12th IEEE Intersociety Conference 
on Thermal and Thermomechanical Phenomena in Electronic Systems, Las Ve- 

gas, NV, USA, IEEE, 2010, pp. 1–7, doi: 10.1109/ITHERM.2010.5501362 . 
[16] M. Zhou, G. Xia, L. Chai, J. Li, L. Zhou, Analysis of flow and heat transfer char-

acteristics of micro-pin fin heat sink using silver nanofluids, Sci. China Technol. 
Sci. 55 (2012) 155–162, doi: 10.1007/s11431-011-4596-5 . 

[17] Y.J. Lee, P.S. Lee, S.K. Chou, Enhanced thermal transport in microchannel using 

oblique fins, J. Heat Transf. 134 (2012) 101901, doi: 10.1115/1.4006843 . 
[18] A . Reeser, A . Bar-Cohen, G. Hetsroni, High quality flow boiling heat transfer 

and pressure drop in microgap pin fin arrays, Int. J. Heat Mass Transf. 78 
(2014) 974–985, doi: 10.1016/j.ijheatmasstransfer.2014.05.021 . 

[19] H.M. Ali, W. Arshad, Thermal performance investigation of staggered and inline 
pin fin heat sinks using water-based rutile and anatase TiO 2 nanofluids, Energy 

Convers. Manag. 106 (2015) 793–803, doi: 10.1016/j.enconman.2015.10.015 . 
20] N. Guan, G. Jiang, Z.G. Liu, C.W. Zhang, Effects of heating load on flow re-

sistance and convective heat transfer in micro-pin-fin heat sinks with differ- 

ent cross-section shapes, Exp. Heat Transf. 29 (2016) 673–690, doi: 10.1080/ 
08916152.2015.1086841 . 

[21] J. Hua, G. Li, X. Zhao, Q. Li, Experimental study on thermal performance of mi-
cro pin fin heat sinks with various shapes, Heat Mass Transf. 53 (2017) 1093–

1104, doi: 10.10 07/s0 0231- 016- 1880- 8 . 
16 
22] C. Falsetti, M. Magnini, J.R. Thome, Hydrodynamic and thermal analysis of 
a micro-pin fin evaporator for on-chip two-phase cooling of high density 

power micro-electronics, Appl. Therm. Eng. 130 (2018) 1425–1439, doi: 10.1016/ 
j.applthermaleng.2017.10.117 . 

23] C.R. Kharangate, K.W. Jung, S. Jung, D. Kong, J. Schaadt, M. Iyengar, C. Mal- 
one, H. Lee, M. Asheghi, K.E. Goodson, Experimental investigation of embed- 

ded micropin-fins for single-phase heat transfer and pressure drop, J. Electron. 
Packag. 140 (2018) 021001, doi: 10.1115/1.4039475 . 

24] D. Kong, K.W. Jung, S. Jung, D. Jung, J. Schaadt, M. Iyengar, C. Malone, C.R. Kha-

rangate, M. Asheghi, K.E. Goodson, H. Lee, Single-phase thermal and hydraulic 
performance of embedded silicon micro-pin fin heat sinks using R245fa, Int. 

J. Heat Mass Transf. 141 (2019) 145–155, doi: 10.1016/j.ijheatmasstransfer.2019. 
05.073 . 

25] D. Jung, H. Lee, D. Kong, E. Cho, K.W. Jung, C.R. Kharangate, M. Iyengar, C. Mal-
one, M. Asheghi, K.E. Goodson, H. Lee, Thermal design and management of 

micro-pin fin heat sinks for energy-efficient three-dimensional stacked in- 

tegrated circuits, Int. J. Heat Mass Transf. 175 (2021) 121192, doi: 10.1016/j. 
ijheatmasstransfer.2021.121192 . 

26] F. Hou, D. Yang, G.Q. Zhang, Y. Hai, D. Liu, L. Liu, Thermal transient analy-
sis of LED array system with in-line pin fin heat sink, in: Proceedings of the

12th International Conference on Thermal, Mechanical and Multi-Physics Sim- 
ulation and Experiments in Microelectronics and Microsystems, Linz, Austria, 

IEEE, 2011, p. 1/5-5/5, doi: 10.1109/ESIME.2011.5765844 . 

27] I. Khorunzhii, H. Gabor, R. Job, W.R. Fahrner, H. Baumann, Modelling of a pin- 
fin heat converter with fluid cooling for power semiconductor modules, Int. J. 

Energy Res. 27 (2003) 1015–1026, doi: 10.1002/er.918 . 
28] Y. Peng, Heat transfer and friction loss characteristics of pin fin cooling con- 

figurations, J. Eng. Gas Turbines Power 106 (1984) 246–251, doi: 10.1115/1. 
3239544 . 

29] R.L. Webb, Air-side heat transfer in finned tube heat exchangers, Heat Transf. 

Eng. 1 (1980) 33–49, doi: 10.1080/01457638008939561 . 
30] G.J. VanFossen, Heat-transfer coefficients for staggered arrays of short pin fins, 

J. Eng. Power. 104 (1982) 268–274, doi: 10.1115/1.3227275 . 
[31] C.L. Chapman, S. Lee, B.L. Schmidt, Thermal performance of an elliptical pin 

fin heat sink, in: Proceedings of the IEEE/CHMT 10th Semiconductor Thermal 
Measurement and Management Symposium (SEMI-THERM), San Jose, CA, USA, 

IEEE, 1994, pp. 24–31, doi: 10.1109/STHERM.1994.288998 . 

32] B.E. Short, Pressure drop and heat transfer in cast pin fin coldwalls, in: Pro- 
ceedings of the ASME International Mechanical Engineering Congress and Ex- 

position, Chicago, Illinois, USA, 1994, p. 105 . 
33] I. Mudawar, Assessment of high-heat-flux thermal management schemes, IEEE 

Trans. Compon. Packag. Technol. 24 (2001) 122–141, doi: 10.1109/6144.926375 . 
34] R.S. Prasher, J. Dirner, J.Y. Chang, A. Myers, D. Chau, D. He, S. Prstic, Nusselt

number and friction factor of staggered arrays of low aspect ratio micropin- 

fins under cross flow for water as fluid, J Heat Transf. 129 (2007) 141–153, 
doi: 10.1115/1.2402179 . 

35] D.E. Metzger, W.B. Shepard, S.W. Haley, Row resolved heat transfer variations 
in pin-fin arrays including effects of non-uniform arrays and flow convergence, 

in: Proceedings of the ASME International Gas Turbine Conference and Exhibit, 
Dusseldorf, West Germany, American Society of Mechanical Engineers, 1986 p. 

V004T09A015, doi: 10.1115/86- GT- 132 . 
36] M. Liu, D. Liu, S. Xu, Y. Chen, Experimental study on liquid flow and heat trans-

fer in micro square pin fin heat sink, Int. J. Heat Mass Transf. 54 (2011) 5602–

5611, doi: 10.1016/j.ijheatmasstransfer.2011.07.013 . 
37] I. El Naqa, M.J. Murphy, I. El Naqa, R. Li, M.J. Murphy, What is machine learn-

ing? in: Machine Learning in Radiation Oncology, Springer International Pub- 
lishing, Cham, 2015, pp. 3–11, doi: 10.1007/978- 3- 319- 18305- 3 _ 1 . 

38] F. Rosenblatt, The perceptron: a probabilistic model for information storage 
and organization in the brain, Psychol. Rev. 65 (1958) 386–408, doi: 10.1037/ 

h0042519 . 

39] P.J. Werbos, Beyond Regression: New Tools for Prediction and Analysis 
in the Behavioral Sciences, Harvard University, Cambridge, MA, 1974 PhD 

Thesis . 
40] A.L. Samuel, Some studies in machine learning using the game of checkers, 

IBM J. Res. Dev. 3 (1959) 210–229, doi: 10.1147/rd.33.0210 . 
[41] N. Abramson, D. Braverman, G. Sebestyen, Pattern recognition and machine 

learning, IEEE Trans. Inf. Theory 9 (1963) 257–261, doi: 10.1109/TIT.1963. 

1057854 . 
42] M.W. Libbrecht, W.S. Noble, Machine learning applications in genetics and ge- 

nomics, Nat. Rev. Genet. 16 (2015) 321–332, doi: 10.1038/nrg3920 . 
43] P.P. Shinde, S. Shah, A review of machine learning and deep learning applica- 

tions, in: Proceedings of the 4th International Conference on Computing Com- 
munication Control and Automation (ICCUBEA), IEEE, Pune, India, 2018, pp. 1–

6, doi: 10.1109/ICCUBEA.2018.8697857 . 

44] A.L. Tarca, V.J. Carey, X. Chen, R. Romero, S. Dr ̆aghici, Machine learning and its
applications to biology, PLoS Comput. Biol. 3 (2007) e116, doi: 10.1371/journal. 

pcbi.0030116 . 
45] T. Wuest, D. Weimer, C. Irgens, K.D. Thoben, Machine learning in manufactur- 

ing: advantages, challenges, and applications, Prod. Manuf. Res. 4 (2016) 23–
45, doi: 10.1080/21693277.2016.1192517 . 

46] P. Kaur, M. Sharma, M. Mittal, Big data and machine learning based secure 

healthcare framework, Procedia Comput. Sci. 132 (2018) 1049–1059, doi: 10. 
1016/j.procs.2018.05.020 . 

[47] T. Warin, A. Stojkov, Machine learning in finance: a metadata-based sys- 
tematic review of the literature, J. Risk Financ. 14 (2021) 302, doi: 10.3390/ 

jrfm14070302 . 

https://doi.org/10.13039/501100007053
https://doi.org/10.13039/501100003052
https://doi.org/10.1021/ed061p494
https://doi.org/10.1038/ncomms9247
https://doi.org/10.1021/acsami.0c11402
https://doi.org/10.1016/j.icheatmasstransfer.2020.104861
https://doi.org/10.1109/TCAPT.2008.2006907
https://doi.org/10.1016/j.ijheatmasstransfer.2014.07.067
https://doi.org/10.1109/TCPMT.2018.2867788
https://doi.org/10.1016/j.applthermaleng.2019.114535
https://doi.org/10.1016/j.csite.2021.101583
https://doi.org/10.1016/j.ijheatmasstransfer.2018.10.108
https://doi.org/10.1115/1.2137760
https://doi.org/10.1115/IMECE2006-13257
https://doi.org/10.1115/1.2970080
https://doi.org/10.1016/j.ijheatmasstransfer.2007.11.026
https://doi.org/10.1109/ITHERM.2010.5501362
https://doi.org/10.1007/s11431-011-4596-5
https://doi.org/10.1115/1.4006843
https://doi.org/10.1016/j.ijheatmasstransfer.2014.05.021
https://doi.org/10.1016/j.enconman.2015.10.015
https://doi.org/10.1080/08916152.2015.1086841
https://doi.org/10.1007/s00231-016-1880-8
https://doi.org/10.1016/j.applthermaleng.2017.10.117
https://doi.org/10.1115/1.4039475
https://doi.org/10.1016/j.ijheatmasstransfer.2019.05.073
https://doi.org/10.1016/j.ijheatmasstransfer.2021.121192
https://doi.org/10.1109/ESIME.2011.5765844
https://doi.org/10.1002/er.918
https://doi.org/10.1115/1.3239544
https://doi.org/10.1080/01457638008939561
https://doi.org/10.1115/1.3227275
https://doi.org/10.1109/STHERM.1994.288998
http://refhub.elsevier.com/S0017-9310(22)00559-2/sbref0032
https://doi.org/10.1109/6144.926375
https://doi.org/10.1115/1.2402179
https://doi.org/10.1115/86-GT-132
https://doi.org/10.1016/j.ijheatmasstransfer.2011.07.013
https://doi.org/10.1007/978-3-319-18305-3_1
https://doi.org/10.1037/h0042519
http://refhub.elsevier.com/S0017-9310(22)00559-2/sbref0039
https://doi.org/10.1147/rd.33.0210
https://doi.org/10.1109/TIT.1963.1057854
https://doi.org/10.1038/nrg3920
https://doi.org/10.1109/ICCUBEA.2018.8697857
https://doi.org/10.1371/journal.pcbi.0030116
https://doi.org/10.1080/21693277.2016.1192517
https://doi.org/10.1016/j.procs.2018.05.020
https://doi.org/10.3390/jrfm14070302


K. Kim, H. Lee, M. Kang et al. International Journal of Heat and Mass Transfer 194 (2022) 123087 

[

[

[

[  

[

[

[

[  

[

[

[

[  

[  

[

[

[

[

[  

[

[

[  

[

[  

[

[

[

[

[

[  

[

[

[

[

48] C. Sayin, H.M. Ertunc, M. Hosoz, I. Kilicaslan, M. Canakci, Performance and 
exhaust emissions of a gasoline engine using artificial neural network, Appl. 

Therm. Eng. 27 (2007) 46–54, doi: 10.1016/j.applthermaleng.2006.05.016 . 
49] C.K. Tan, J. Ward, S.J. Wilcox, R. Payne, Artificial neural network modelling of 

the thermal performance of a compact heat exchanger, Appl. Therm. Eng. 29 
(2009) 3609–3617, doi: 10.1016/j.applthermaleng.2009.06.017 . 

50] M. Kahani, M.H. Ahmadi, A. Tatar, M. Sadeghzadeh, Development of multilayer 
perceptron artificial neural network (MLP-ANN) and least square support vec- 

tor machine (LSSVM) models to predict Nusselt number and pressure drop 

of TiO 2 /water nanofluid flows through non-straight pathways, Numer. Heat 
Transf. Part A Appl. 74 (2018) 1190–1206, doi: 10.1080/10407782.2018.1523597 . 

[51] Y. Qiu, D. Garg, S.M. Kim, I. Mudawar, C.R. Kharangate, Machine learning al- 
gorithms to predict flow boiling pressure drop in mini/micro-channels based 

on universal consolidated data, Int. J. Heat Mass Transf. 178 (2021) 121607, 
doi: 10.1016/j.ijheatmasstransfer.2021.121607 . 

52] E. Cho, H. Lee, M. Kang, D. Jung, G. Lee, S. Lee, C.R. Kharangate, H. Ha, S. Huh,

H. Lee, A neural network model for free-falling condensation heat transfer in 
the presence of non-condensable gases, Int. J. Therm. Sci. 171 (2022) 107202, 

doi: 10.1016/j.ijthermalsci.2021.107202 . 
53] S.K. Kim, J.H. Huh, Consistency of medical data using intelligent neuron faster 

R-CNN algorithm for smart health care application, Healthcare 8 (2020) 185, 
doi: 10.3390/healthcare8020185 . 

54] J. Kim, C. Lee, Prediction of turbulent heat transfer using convolutional neural 

networks, J. Fluid Mech. 882 (2020) A18, doi: 10.1017/jfm.2019.814 . 
55] Y. Suh, R. Bostanabad, Y. Won, Deep learning predicts boiling heat transfer, Sci. 

Rep. 11 (2021) 5622, doi: 10.1038/s41598- 021- 85150- 4 . 
56] Y. Suh, J. Lee, P. Simadiris, X. Yan, S. Sett, L. Li, K.F. Rabbi, N. Miljkovic, Y. Won,

A deep learning perspective on dropwise condensation, Adv. Sci. 8 (2021) 
2101794, doi: 10.1002/advs.202101794 . 

57] J.K. Ostanek, Improving pin-fin heat transfer predictions using artificial neural 

networks, J. Turbomach. 136 (2014) 051010, doi: 10.1115/1.4025217 . 
58] C. Balachandar, S. Arunkumar, M. Venkatesan, Computational heat trans- 

fer analysis and combined ANN–GA optimization of hollow cylindrical pin 
fin on a vertical base plate, Sadhana 40 (2015) 1845–1863, doi: 10.1007/ 

s12046- 015- 0403- 5 . 
59] R. Beigzadeh, M. Rahimi, O. Jafari, A .A . Alsairafi, Computational fluid dynam- 

ics assists the artificial neural network and genetic algorithm approaches for 

thermal and flow modeling of air-forced convection on interrupted plate fins, 
Numer. Heat Transf. A 70 (2016) 546–565, doi: 10.1080/10407782.2016.1177329 . 

60] L. Yang, Q. Wang, Y. Rao, Searching for irregular pin-fin shapes for high tem-
perature applications using deep learning methods, Int. J. Therm. Sci. 161 

(2021) 106746, doi: 10.1016/j.ijthermalsci.2020.106746 . 
61] H. Lee, M. Kang, K.W. Jung, C.R. Kharangate, S. Lee, M. Iyengar, C. Malone,

M. Asheghi, K.E. Goodson, H. Lee, An artificial neural network model for pre- 

dicting frictional pressure drop in micro-pin fin heat sink, Appl. Therm. Eng. 
194 (2021) 117012, doi: 10.1016/j.applthermaleng.2021.117012 . 

62] M.K. Chyu, Heat transfer and pressure drop for short pin-fin arrays with pin- 
endwall fillet, J. Heat Transf. 112 (1990) 926–932, doi: 10.1115/1.2910502 . 

63] T.M. Jeng, S.C. Tzeng, Pressure drop and heat transfer of square pin-fin ar- 
rays in in-line and staggered arrangements, Int. J. Heat Mass Transf. 50 (2007) 

2364–2375, doi: 10.1016/j.ijheatmasstransfer.2006.10.028 . 
64] W. Duangthongsuk, S. Wongwises, A comparison of the heat transfer per- 

formance and pressure drop of nanofluid-cooled heat sinks with different 

miniature pin fin configurations, Exp. Therm. Fluid Sci. 69 (2015) 111–118, 
doi: 10.1016/j.expthermflusci.2015.07.019 . 

65] P. Wang, L. Chen, Thermal and hydraulic performance of micro pin fin heat 
sinks with different pin fin shapes, IOP Conf. Ser. Mater. Sci. Eng. 542 (2019) 

012053, doi: 10.1088/1757-899X/542/1/012053 . 
66] C. Woodcock, F. Houshmand, J. Plawsky, M. Izenson, D. Fogg, R. Hill, S. Phillips,

Y. Peles, Piranha pin-fins (PPF): voracious boiling heat transfer by vapor vent- 

ing from microchannels– system calibration and single-phase fluid dynamics, 
in: Proceedings of the 14th Intersociety Conference on Thermal and Thermo- 
17
mechanical Phenomena in Electronic Systems (ITherm), Orlando, FL, USA, IEEE, 
2014, pp. 282–289, doi: 10.1109/ITHERM.2014.6892294 . 

67] T. Brunschwiler, B. Michel, H. Rothuizen, U. Kloter, B. Wunderle, H. Opper- 
mann, H. Reichl, Interlayer cooling potential in vertically integrated packages, 

Microsyst. Technol. 15 (2009) 57–74, doi: 10.10 07/s0 0542-0 08-0690-4 . 
68] K.A. Moores, Y.K. Joshi, Effect of tip clearance on the thermal and hydrody- 

namic performance of a shrouded pin fin array, J. Heat Transf. 125 (2003) 999–
1006, doi: 10.1115/1.1621897 . 

69] D. Mei, X. Lou, M. Qian, Z. Yao, L. Liang, Z. Chen, Effect of tip clearance on the

heat transfer and pressure drop performance in the micro-reactor with micro- 
pin–fin arrays at low Reynolds number, Int. J. Heat Mass Transf. 70 (2014) 709–

718, doi: 10.1016/j.ijheatmasstransfer.2013.11.060 . 
70] D. Colquhoun, An investigation of the false discovery rate and the misinterpre- 

tation of p -values, R. Soc. Open Sci. 1 (2014) 140216, doi: 10.1098/rsos.140216 . 
[71] T. Chen, C. Guestrin, XGBoost: a scalable tree boosting system, in: Proceed- 

ings of the 22nd ACM SIGKDD International Conference on Knowledge Discov- 

ery and Data Mining, San Francisco, California, USA, ACM, 2016, pp. 785–794, 
doi: 10.1145/2939672.2939785 . 

72] G. Ke, Q. Meng, T. Finley, T. Wang, W. Chen, W. Ma, Q. Ye, T.Y. Liu, LightGBM:
a highly efficient gradient boosting decision tree, in: Proceedings of the 31st 

International Conference on Neural Information Processing Systems (NIPS’17), 
Red Hook, NY, USA, Curran Associates Inc., 2017, pp. 3149–3157 . 

73] H. Zhuang, X. Wang, M. Bendersky, M. Najork, Feature transformation for neu- 

ral ranking models, in: Proceedings of the 43rd International ACM SIGIR Con- 
ference on Research and Development in Information Retrieval, ACM, Virtual 

Event China, 2020, pp. 1649–1652, doi: 10.1145/3397271.3401333 . 
[74] A .L. Maas, A .Y. Hannun, A .Y. Ng, Rectifier nonlinearities improve neural net- 

work acoustic models, in: In ICML Workshop on Deep Learning for Audio, 
Speech and Language Processing, 2013 . 

75] M.J. Brown, L.A. Hutchinson, M.J. Rainbow, K.J. Deluzio, A.R. De Asha, A com- 

parison of self-selected walking speeds and walking speed variability when 
data are collected during repeated discrete trials and during continuous walk- 

ing, J. Appl. Biomech. 33 (2017) 384–387, doi: 10.1123/jab.2016-0355 . 
[76] J.D.P. Kingma, J.L. Ba, Adam: a method for stochastic optimization, in: Pro- 

ceedings of the 3rd International Conference on Learning Representations, San 
Diego, CA, USA, ICLR, 2015, pp. 1–15 . 

77] J.C. Duchi, P.L. Bartlett, M.J. Wainwright, Randomized smoothing for (parallel) 

stochastic optimization, Proc. IEEE Conf. Decis. Control 12 (2012) 5442–5444, 
doi: 10.1109/CDC.2012.6426698 . 

78] G. Hinton, N. Srivastava, and K. Swersky, Neural networks for machine learning 
lecture 6A overview of mini-batch gradient descent, 14 (8), 2012. 

79] J. Zhou, Y. Qiu, S. Zhu, D.J. Armaghani, M. Khandelwal, E.T. Mohamad, Es- 
timation of the TBM advance rate under hard rock conditions using XG- 

Boost and Bayesian optimization, Undergr. Space (2020) S2467967420300507, 

doi: 10.1016/j.undsp.2020.05.008 . 
80] X. Ma, J. Sha, D. Wang, Y. Yu, Q. Yang, X. Niu, Study on a prediction of P2P net-

work loan default based on the machine learning LightGBM and XGBoost al- 
gorithms according to different high dimensional data cleaning, Electron. Com- 

mer. Res. Appl. 31 (2018) 24–39, doi: 10.1016/j.elerap.2018.08.002 . 
81] J. Snoek, H. Larochelle, R.P. Adams, Practical Bayesian optimization of machine 

learning algorithms, in: Proceedings of the 25th International Conference on 
Neural Information Processing Systems (NIPS’12), Red Hook, NY, USA, Curran 

Associates Inc., 2012, pp. 2951–2959 . 

82] A. Ko ̧s ar, Y. Peles, Convective flow of refrigerant (R-123) across a bank of 
micro pin fins, Int. J. Heat Mass Transf. 49 (2006) 3142–3155, doi: 10.1016/j. 

ijheatmasstransfer.2006.02.013 . 
83] S. Whitaker, Forced convection heat transfer correlations for flow in pipes, past 

flat plates, single cylinders, single spheres, and for flow in packed beds and 
tube bundles, AIChE J. 18 (1972) 361–371, doi: 10.1002/aic.690180219 . 

84] J.F. Tullius, T.K. Tullius, Y. Bayazitoglu, Optimization of short micro pin fins 

in minichannels, Int. J. Heat Mass Transf. 55 (2012) 3921–3932, doi: 10.1016/ 
j.ijheatmasstransfer.2012.03.022 . 

https://doi.org/10.1016/j.applthermaleng.2006.05.016
https://doi.org/10.1016/j.applthermaleng.2009.06.017
https://doi.org/10.1080/10407782.2018.1523597
https://doi.org/10.1016/j.ijheatmasstransfer.2021.121607
https://doi.org/10.1016/j.ijthermalsci.2021.107202
https://doi.org/10.3390/healthcare8020185
https://doi.org/10.1017/jfm.2019.814
https://doi.org/10.1038/s41598-021-85150-4
https://doi.org/10.1002/advs.202101794
https://doi.org/10.1115/1.4025217
https://doi.org/10.1007/s12046-015-0403-5
https://doi.org/10.1080/10407782.2016.1177329
https://doi.org/10.1016/j.ijthermalsci.2020.106746
https://doi.org/10.1016/j.applthermaleng.2021.117012
https://doi.org/10.1115/1.2910502
https://doi.org/10.1016/j.ijheatmasstransfer.2006.10.028
https://doi.org/10.1016/j.expthermflusci.2015.07.019
https://doi.org/10.1088/1757-899X/542/1/012053
https://doi.org/10.1109/ITHERM.2014.6892294
https://doi.org/10.1007/s00542-008-0690-4
https://doi.org/10.1115/1.1621897
https://doi.org/10.1016/j.ijheatmasstransfer.2013.11.060
https://doi.org/10.1098/rsos.140216
https://doi.org/10.1145/2939672.2939785
http://refhub.elsevier.com/S0017-9310(22)00559-2/sbref0072
https://doi.org/10.1145/3397271.3401333
http://refhub.elsevier.com/S0017-9310(22)00559-2/sbref0074
https://doi.org/10.1123/jab.2016-0355
http://refhub.elsevier.com/S0017-9310(22)00559-2/sbref0076
https://doi.org/10.1109/CDC.2012.6426698
https://doi.org/10.1016/j.undsp.2020.05.008
https://doi.org/10.1016/j.elerap.2018.08.002
http://refhub.elsevier.com/S0017-9310(22)00559-2/sbref0081
https://doi.org/10.1016/j.ijheatmasstransfer.2006.02.013
https://doi.org/10.1002/aic.690180219
https://doi.org/10.1016/j.ijheatmasstransfer.2012.03.022

	A machine learning approach for predicting heat transfer characteristics in micro-pin fin heat sinks
	1 Introduction
	1.1 Necessity of thermal management in electronics
	1.2 Machine learning approaches for predicting thermal and hydraulic performance
	1.3 Objective of present study

	2 Methods
	2.1 Data compilation from previous studies
	2.2 Parameter selection using Kendall rank coefficient
	2.3 Proposed machine learning models
	2.3.1 MLP
	2.3.2 XGBoost
	2.3.3 LightGBM

	2.4 Bayesian hyperparameter optimization
	2.5 Existing and proposed correlations

	3 Results and discussion
	3.1 Predictions with existing and newly proposed correlations
	3.2 Predictions by machine learning models

	4 Conclusions
	Declaration of Competing Interest
	CRediT authorship contribution statement
	Acknowledgment
	References


