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Abstract

In this study, the innovative compact heat exchanger (CHE) newly designed and manufactured using metal additive manu-
facturing technology were numerically and experimentally investigated. Some experiments were carried out to determine
the hot water (hw) and cold water (cw) outlet temperatures of CHE. As a result of the CFD analysis, the average outlet tem-
peratures of the -iw and cw flow loops on the CHE were calculated as 48.24 and 35.38 °C, respectively. On the other hand,
the experimental outlet temperatures were measured as being 48.50 and 35.72 °C, respectively. The studies showed that the
numerical and experimental results of the CHE are compliant at the given boundary conditions. Furthermore, it was observed
that the heat transfer rate of the CHE with lower volume is approximately 47.7% higher than that of standard brazed plate
heat exchangers (BPHEs) produced by traditional methods. More experiments conducted on the CHE will inevitably have a
negative effect on its manufacture time and cost. Thus, various models were developed to predict the results of unperformed
experiments using the machine learning methods, ANN, MLR and SVM. In the models developed for each experiment, the
source and inlet temperatures of iw and cw, respectively, and the volumetric flow rate of cw were selected as input parameters
for the machine learning methods. Thus, the zw and cw outlet temperatures of the CHE were estimated on the basis of these
input parameters. The best performance was achieved by ANN. In addition, there is no significant performance difference
between other methods.

Keywords Metal additive manufacturing - Compact heat exchanger - CFD analyses - Machine learning - Artificial neural
networks - Multiple linear regression - Support vector machines

Introduction

One of the most important pieces of equipment used in
engineering applications is plate heat exchangers (HEs)
that commonly used in heating and cooling applications as
the brazed and gasketed structure. However, compact and
complex-structures and three-dimensional (3D) HEs can’t be
manufactured by conventional methods. Nowadays, MAM

P< Sinan Uguz
sinanuguz @isparta.edu.tr

Osman Ipek

osmanipek @sdu.edu.tr

Department of Computer Engineering, Isparta University
of Applied Science, Isparta, Turkey

Department of Mechanical Engineering, Suleyman Demirel
University, Isparta, Turkey

technology, which is an innovative production method, can
be used for the manufacture of HEs with lower volumes
and higher heat transfer rates. We are seeing an increase in
both academic studies and industrial applications relating
to the manufacture of qualified parts from different metal
powders, using MAM technology. Thanks to new production
applications, MAM technology has become a very important
method in the manufacture of complex and technological
three-dimensional (3D) equipment, which may be impos-
sible to produce using traditional techniques (Bineli et al.
2011; Hudak et al. 2013; Roberts et al. 2009; Ventola et al.
2014). Tsopanos et al. (2005) and Manfredi et al. (2013)
have determined the quality of parts manufactured using
MAM technology depending on inlet process parameters and
material properties. Also, Manfredi et al. (2013), Roberts
et al. (2009) and Kwon et al. (2020) have investigated the
manufacture of complex parts using MAM technology. In
investigations conducted by Dong et al. (2007), Foroozmehr
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et al. (2016) and Peyre et al. (2015), 3D finite element mod-
els (FEM) have been applied for the dimensional analyses
of the melt pool during the MAM process. Therefore, the
thermal cycles of the melt pool, its fusion depths and their
relationship have been experimentally and numerically
determined during the process of manufacture using MAM
technology. It has been observed that an increase in the fluid
inlet temperature increases the heat transfer performance of
the heat exchanger, while a pressure drop increases with
an increase in the mass flow rate and concentration (Sara-
fraz and Hormozi 2016). ipek et al. (2017) have experimen-
tally investigated of exergy loss analysis of newly designed
compact heat exchanger (CHE). In the study results, it has
showed that the highest exergy loss value of newly designed
CHE has been obtained as about 7.6 kW, while its minimum
exergy loss value has been obtained as about 4.65 kW.

As of very recently, this equipment can be directly manu-
factured as a mono block from the CAD data relating to the
design (Cui and Cui 2015; Hussein et al. 2013; Kan et al.
2015; Roberts et al. 2009). MAM technology is used in the
production of high value-added and sized technical compo-
nents with complex structures, predominantly in the fields of
healthcare and space exploration, the defense industry, elec-
tronics, avionics, metrology, robotics, industrial processes,
telecommunication, the automotive industry, satellite sys-
tems and aircraft components, cryogenic applications, gas
and steam turbines, mini jet turbine production, and com-
pressor and internal combustion engine parts (Chabot et al.
2019; Jiang et al. 2020; Penumuru et al. 2020; Zhao and Guo
2019). Today, one of the most important pieces of equip-
ment used in a range of engineering applications is the HE.
HEs come in different types and geometrical structures, with
various names, including evaporators, condensers, heaters
and coolers. Plate HEs, which are commonly used in heat-
ing and cooling systems, are designed to require sealing and
brazing as part of the manufacture process. However, those
HEs capable of heating and cooling with a high coefficient
of performance (COP), employing an innovative channel and
wing structure, and boasting a high transfer amount and a
minimal size tend to be developed using new and up-to-date
technology (Hajabdollahi and Seifoori 2016; Khudheyer and
Mahmoud 2011; Ranganayakulu et al. 2017; Sheikholeslami
et al. 2016).

MAM technology is an innovative method for the manu-
facture of CHEs with complex structures (Bineli et al. 2011;
Hussein et al. 2013; Kan et al. 2015; Manfredi et al. 2013;
Roberts et al. 2009; Usta and Koylii 2012). In the HEs
manufactured using MAM technology, it has been observed
that the deterioration of the heat exchanger body can be
repaired, and requirements such as brazing and sealing have
been eliminated. As can be seen from the literature, many
academic studies have been conducted based on computa-
tional fluid dynamics (CFD) analyses of plate HEs. In these
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previous studies, the numerical methods used in thermal
and dynamic analyses have been evaluated and important
parameters such as heat transfer performance, heat transfer
coefficient, and Reynolds and Nusselt numbers have been
investigated (Dong et al. 2007; Ebrahimzadeh et al. 2016;
Han et al. 2010; Khudheyer and Mahmoud 2011; Roberts
et al. 2009). Researchers have also shared information con-
cerning the effect of artificial roughness on the advanced
heat transfer coefficient. According to the results of these
CFD analyses, rough surfaces affect heat transfer positively
(Cui and Cui 2015; Ventola et al. 2014). Metallic powders
such as titanium, nickel, cobalt, chromium, aluminum and
stainless steel GP1 (AISI 316) have all been used as manu-
facture materials in the production of HEs using MAM tech-
nology (Fluent 2015). Because the average grain size of the
metal powder used in production ranges from 20 to 200 pm,
it has been observed that it is possible to manufacture prod-
ucts with different roughnesses and internal pore structures
using MAM technology (Brooks and Molony 2016; Kan
et al. 2015; Roberts et al. 2009; Usta and Koylii 2012).
Additionally, the production parameters selected during
this process affect the production position of the produced
HEs and their production quality and cost. Investigators have
determined that the quality of parts manufactured using the
MAM method depends on inlet processing parameters and
material properties (Dong et al. 2007; Ebrahimzadeh et al.
2016; Roberts et al. 2009). One of the most important of
these parameters is temperature. Temperature analysis is the
basis for the feedback of other laser-processing parameters in
manufacturing. According to studies of the process param-
eters employed in production using MAM technology, the
layer thickness of the metallic powder, the source power
of the laser, the spot diameter and scanning speed, and the
processing and scanning direction all have an effect on the
strength of the obtained product.

Among the state of the art technologies in additive manu-
facturing, powder bed fusion (PBF), including selective laser
sintering/selective laser melting (SLS/SLM), direct metal
laser sintering (DMLS), direct metal deposition (DMD),
laser cladding (LC), laser-engineered net shaping (LENS),
shape metal deposition (SMD), hybrid layered manufactur-
ing (HLM), laser metal forming (LMF), directed energy
deposition (DED), wire and arc additive manufacturing
(WAAM), laminated object manufacturing (LOM) can be
mentioned (Bai et al. 2020; Bhatt et al. 2019; Dinovitzer
et al. 2019; Niu et al. 2019).

Research gaps and motivation

As can be seen from the literature survey, there have been
many numerical and experimental studies with regard to
plate HEs, but there have been very few studies focusing



Journal of Intelligent Manufacturing (2022) 33:1393-1417

1395

on the analysis and design of the novel and compact heat
exchanger considered in this study. In order to fill this gap in
the literature, new studies should be undertaken with regard
to this issue. Therefore, the aim of this study is to numeri-
cally and experimentally investigate the thermal and hydro-
dynamic behaviors of a CHE that was recently designed by
Ipek et al. (2017) and manufactured using MAM methods,
in terms of temperature distribution and pressure drop, heat
exchanger effectiveness and heat transfer rates.

In this study presented, models for the prediction of per-
formance parameters of a CHE produced by MAM method
were created by using Artificial neural networks (ANN),
Multiple linear regression (MLR) and Support vector
machines (SVM) of Machine learning methods. When the
literature is reviewed, it is observed that studies in which
MAM technology and Machine learning algorithms are used
together generally aim at determining and predicting physi-
cal process parameters and processing conditions (Kwon
et al. 2020; Li et al. 2020; Yang et al. 2020).

In the study by Stathatos and Vosniakos (2019), in the
laser-based MAM method, temperature and density change
through randomly selected manufacturing were predicted
in real time using ANN. In another study Paul et al. (2019),
machine learning approach was used to simulate process
behavior to predict multiple physical parameters in MAM
technology. In this study, the researchers conducted a study
on the design and development of the basic components of a
scientific framework to develop a model-based and real-time
control system from time-dependent heat transfer and tem-
perature distribution data. In the study by Silbernagel et al.
(2019), ML approach was used as an alternative method to
determine and optimize process parameters during the pro-
cessing of pure copper with MAM technology. According
to the results of their studies, it was seen that they achieved
results that can be found with traditional parameter opti-
mization and that effective results were achieved by using
Machine learning algorithms in parameter optimization for
MAM technology. And in the study by Gobert et al. (2018),
the Machine learning approach was used to develop strat-
egies for detecting errors in the laser powder bed in pro-
duction with the Additive Manufacturing (AM) method.
During this process, it was stated that multiple images were
collected from each building layer using a high-resolution
digital single lens reflex (DSLR) camera, and these images
were evaluated using the SVM approach. In the study by
Wang et al. (2020), a comprehensive review of ML applica-
tions in various AM fields was madden. In this study, ML
in DfAM (design for additive manufacturing) was used to
optimize new and high performance metamaterials and to
produce topological designs. In manufacturing with the AM
method, results that shall contribute to the optimization of
process parameters, laying powder, quality evaluation and

in-process defect monitoring processes were obtained by
using ML algorithms.

In the literature, it is seen that there are studies carried
out by focusing on details such as plates, wings, etc. for the
design of HEs. Any study on a product obtained with MAM
technology has not been found within our knowledge. In
our study, unlike its peers, in order to produce CHE with a
low volume and weight and a high thermal efficiency and
effectiveness value, its 3D CAD design and CFD analy-
sis were performed. On the other hand, it is not possible
to obtain these properties using the traditionally produced
standard brazed plate heat exchanger (BPHE). For this rea-
son, in order to produce CHE with small dimensions, com-
plex surface geometry, reduced weight and high overall heat
transfer coefficient, DMLS system, a MAM technology, was
used. Performance of CHE, produced using this method,
was tested according to its 1, values of different hot fluid
mass flow rate in a developed experimental setup. In this
context, i, value of CHE, which is designed, analyzed and
produced prototype, ranges in 6 < mj,, < 12 due to its pur-
pose and function. CHE does not provide the desired thermal
efficiency at flow rates outside this range. For this reason, the
experimental setup was set to make measurements in these
flow rate ranges. The experimental setup and equipment in
our study does not support flow rates outside this range.
For this reason, the tests were carried out considering the
given flow rate range. At this stage, it is very important to
determine parameters such as T}, (Outlet temperature of
the Aiw) and T ,,,, (Outlet temperature of thecw) used as an
indicator of HEs performance, especially in the development
of an innovative HEs. For this purpose, the tests performed
during the test phase both take time and increase the cost
significantly. Thus, it has become important to develop mod-
els that will also predict the values. Thus, it has become
important to develop models that will also predict the T,
and T, , values of experiments (6.1, 6.2 etc.) that couldn’t be

performed within the range of 6 < m,,, < 12.T},,and T,,,
parameters affecting the performance of the CHE developed
in this study were predicted by machine learning techniques
ANN, MLR and SVM using present testing data. And pre-
diction results with the high performance achieved for 7.,
andT,,, can be used to produce a CHE with low volume and

weight and a high thermal performance.

Material and methods

The processes performed in this study consists of five
basic parts as shown in the diagram in Fig. 1 In the first
two sections, 3D CAD design and CFD analysis of CHE
were carried out, respectively. In the next step, CHE, whose
dimensions and shape are shown in the diagram, was pro-
duced with MAM technology. In the fourth stage, testing
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Fig. 1 General schema for experimental studies

was carried out by means of a special setup we developed
through our own means in order to measure the heat trans-
fer performance of CHE. Due to the intended purpose and
function of CHE, hot 1, value should be in the range of
6 < my,, < 12. As aresult of the testing carried out for differ-
ent 7, 11,325 data were obtained. As seen in the diagram
inFig. 1,7, and T,,,, values, the outputs of the data set, are
an important indicator of CHE’s performance. In this study,
ANN, MLR and SVM methods, which have achieved sig-
nificant prediction success in the literature, were preferred
as machine learning models. Recently in the literature, some
hybrid studies are also seen (Garg et al. 2016a, b). The per-
formance of the models was determined using regression
performance evaluation criteria. These stages involved in
general schema of experimental studies are examined in
detail in the subsections below.

Design, analysis and manufacture of the CHE

Assuming steady-state conditions and no phase change and
constant specific heats, the heat transfer rate (Q) for zw and
cw in the HE can be calculated from Eq. (1) (Erbay et al.
2013; Kays and London 1984).

Q= MM Cph (Thwi - Thwo) =G, (Thwi - Thwo)
= 1’.ncwicpc (Tcwo - Tcwi) = Cc (Tcwo - Tcwi)

(Thwi - Tcwo) - (Thwo - Tcwi)
=FUA, (1)
ln< Thwi _Tcwo )
Thwo_Tcwi
where T, and T_; are the outlet and inlet temperatures

of the cw flow loop in the CHE, respectively. Similarly, Ty,
and T, are the outlet and inlet temperature of the hw flow
loop in the CHE, respectively. U is overall heat transfer
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coefficient [ﬁzh"C]. A, is effective heat transfer area of the
CHE (m?). réh and C, are hiw and cw heat capacity rates,
respectively. F' = F(P, R) is the correction factor and calcu-
lated as function of P = @ and R = %

The maximum possiblewhezlntl transfer ratngI:;x can be
calculated from Eq. (2), depending on the is maximum tem-

perature difference and C,,,;,,.
Qmax = Cmin(ThWi - Tcwi) 2

where (Ty,; — Tcwi) is maximum temperature difference,
C,..n» heat capacity is smaller of the two magnitudes C, and
C, heat capacities for the ~w and cw heat capacity, respec-
tively. Thus, the heat transfer effectiveness .4 can be calcu-
lated as given in Eq. (3).

_ Q _ Cc(Tcwo - Tcwi)
- Tcwi)

et = Qmax B Cmin(Thwi
_ Ch (Thwi - Thwo) -1 e[%(rm((e—CrNTUo'm)_l)]
Tcwi)

Cmin(ThWi - 3)
where NTU = éjA (number of transfer unite) is a measure

min

of the heat transfer per surface area,=C, g"“'”is the heat

max

capacity ratio, and C,,,, heat capacity is larger of the two
magnitudes C, and C.. Once &4 is heat transfer effective-
ness, the actual heat transfer rate Q, is calculated as given in
Eq. (4).

Qa = Eefr Cmin (Thwi - Tcwi) 4

In CFD analyses, the dimensionless heat transfer and fluid
flow parameters were taken into account for investigation
of the fluid flow and heat transfer behavior of CHE, due
to a non-linear relationship between the HE geometry and
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operating parameters. The characteristics of the dimension-
less heat transfer and pressure drop are defined depending
on the Colburn-j and Stanton number St as given in Eq. (5)
(Erbay et al. 2013; Kays and London 1984; Ranganayakulu
et al. 2017).

. Nu 2/3
j=——t = StP
Re (Pr1/3) (5)

where Nu(Re, Pr, i) = 0.2Re"7Pr(T, P)** [@1 01 Nus-

Re = p(T, P)9—%

is Reynolds number.
u(T.P)

selt number,

The 3D CAD design of the CHE, its cross-section view,
the 3D contour of the temperature and pressure distributions
in the hot water layers (hwls) and cold water layers (cwls)
plotted by using data derived from the CFD analysis results
are shown in Fig. 2a—e respectively.

In CFD analyses of the CHE, discretized forms of the
non-linear 3D governing equations were taken into account,
such as the continuity, momentum, energy, turbulent kinetic
energy, and dissipation of the turbulent kinetic energy. The
CFD analyses were performed with the Ansys-Fluent soft-
ware under steady-state conditions using a pressure-based
solver and simple algorithms (Fluent 2015). Wall of the

(a) (b)

TxyrEEEsLSE=ras

Y]

(d)

Fig.2 Detailed cross-section views of the newly designed CHE: a 3D
CAD design of the CHE, b Cross-section view of the CHE geometry,
¢ The standard brazed plate heat exchanger (BPHE), d Temperature

(e)

distribution counter obtained from CFD analysis results of the CHE,
e Pressure distribution counter obtained from CFD analysis results of
the CHE
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interface plates between the Aw and cw was assumed to be a
coupled wall for CHE. The boundary conditions and process
parameters used for analyses were collected in Table 1. In
the numerical solutions based on the standard k turbulence
model, the equations given in Egs. (6) and (7) were used
(Lam and Bremhorst 1981).

Journal of Intelligent Manufacturing (2022) 33:1393-1417
d d d

—(pk) + —(pky;) = — +

= (PK) axi(p i) =5 [(u

"))
i oy / 0%
+ G+ Gy —pe — Yy + S (6)
LT)&
G /0%
2

+Cie (Gi+CacGy) = Conp - +5,

9 9 d
PO+ a—xi(pe u;) = o [<u+

(N

Table 1 Inlet and boundary conditions used in the numerical and experimental analyses, thermodynamic and physical properties of the fluid and
materials and simulation methods (Fluent 2015; Tsopanos et al. 2005)

Parameters and methods used for numerical analyses

Value of the parameters, numerical solution methods and model constants

Thermal properties of materials used in the analyses p (kg/m?) ¢, J/kg K) A (W/m K)
Fluid (Water) properties 998.2 4182 0.6
BPHE materials (316 L, stainless steel) 8030 502.48 16
CHE material (AISI 316 L, stainless steel powder) 8030 502.48 16
Braze material (copper) properties 8978 381 401
T, (CO) 60
T, (°C) 15
T, (°C) 27
i (kg/s) 0.2
., (kg/s) 0.11
Model constants used in the CFD analyses C,=0.09

C=144

Cye =192

Cs =0

Pry=0, =10

Pr, =0,=13

Pr,=0.85

Wall Prandtl number=0.85
The i between ambient air and out surface of CHE 50 (w/m? °C)

The outlet pressure of the CHE

Simulation conditions

Solver type

Viscosity model

Interactions of wall and turbulence

Velocity—pressure interactions

Spatial discretization method

Pressure, momentum and energy equations
Turbulence kinetic energy- turbulence dissipation rate
Coupled Algorithm

The under-relaxation factors used in the analyses for
coupled algorithm

Standard atmosphere

Steady-state conditions

Double precision pressure solver

Standard & turbulence model

Standard wall function

Simple algorithms

Second-order upwind central difference method
Second-order upwind central difference method
First-order upwind central difference method
Poseidon-transient explicit computational approach
Pressure=0.3

Momentum =0.7

Density =1

Body forces=1

k=0.8

Turbulent dissipation rate, £ =0.8

Turbulent kinetic energy,

Turbulent viscosity, p, = 1

Energy, E=1

@ Springer



Journal of Intelligent Manufacturing (2022) 33:1393-1417

1399

where G, is the turbulent kinetic energy production in the
mean velocity gradient, Gy, is the turbulence kinetic energy
production of the lift force, and Yy, is the contribution of the
unstable expansion in the compressible turbulent flow.C,,
C,, and C;, are the empirical constants for k and € used in
the CFD analysis in the k turbulence model. o, and o, are
the turbulence Prandtl numbers for k ande, respectively. S
and S, are user-defined source terms for k ande.

In present study, the design of the CHE was based on the
BPHE manufactured by conventional methods. As shown in
Table 2, the best results for BPHE in terms of pressure drops
and outlet temperatures were obtained at a chevron angle 6
of 75° and a plate thickness t of 1 mm, for the minimum flow
gap 6 in the range of 1-1.5 mm.

The input and boundary conditions used for the numeri-
cal analysis of the CHE and its analysis results were given
in Table 3. According to the analysis, the numerical pres-
sure drops of the cw and hw flow loops of the CHE (P,
and P, respectively) increased as the outlet temperature
of the cw(T,,,) increases. Therefore, to reduce the numeri-
cal pressure drops, the channel and wing geometries of the
CHE were revised.

According to the results obtained from the analyses, the
outlet temperatures of cw and hw recirculating in the CHE
were calculated as 7, = 35.38°C and T, = 48.57°C,
respectively. A standard BPHE with a 75° chevron angle
and high heat transfer performance was taken into account
to compare with the results of the newly designed CHE.
The T, and T, (outlet temperatures of ~zw and cw) were
calculated as 52.07 and 28.80 °C, respectively, for the
BPHE used as a reference for comparison. As a result of
the revision of the CHE’s channel and wing geometries,
while AT, =T,,,—T,,; (increase in cw temperature)
decreases by only 10.653%, AT, = T},,; — T}, (decrease
in hw temperature) decreased by only 11.533%. Despite these
results, the numerical pressure drops in the cw and Aw flow
loops in the CHE were reduced by 2.934 and 2.878 times,
respectively.

A comparison of the results of the CHE and BPHE
showed that amount of heat transfer rate (Q) in the newly
designed CHE was 47.7% higher than that in the standard
BPHE. As seen in Fig. 3a, the production of the CHE was
carried out using STL (stereolithography) data derived from
the final 3D CAD designs, based on the design and analy-
sis results given in Fig. 2. A photographic picture of the
MAM technology used in its production is given in Fig. 3a.
As schematically illustrated in Fig. 3b, the manufacturing
process carried out using MAM technology involves the
sintering of metallic powders, laid on the built platform of
the system, using fiber laser beams that pass through the
galvanic optics layer-by-layer.

In this process, the fiber laser beams follow a path
dependent on the STL data. Thus, precision is very important

when it comes to selecting the production parameters, such
as the layer thickness of the metallic powder laid on the built
platform, the laser scanning speed and scanning direction,
the source power, and the spot diameter. According to the
results of the design and analysis, the following values were
used for the manufacture parameters: a fiber laser power
of 200 W, a laser beam spot diameter of 100 pm, a laser
scanning speed of 500mm/s, and a roughness of 40 pm.
As illustrated in Fig. 3a, the height, width, length, weight,
volume and heating surface of the manufactured CHE were
obtained as 20 mm, 74 mm, 196 mm, 0.765 kg, 99.98 m?
and 0.345m?, respectively. The inlet hydraulic diameters for
hw and cw (dy,,; andd ;.,,;), the layer thickness (¢) and the
minimum flow gap (6) for fluid flow were taken as 10 mm,
10 mm, 0.5 mm and 0.5 mm, respectively, for the inlet
parameters of the CHE’s design and analysis. On the other
hand, the height, width, length, weight, volume and heating
surface of the BPHE used for comparisons were measured as
40 mm, 74 mm, 192 mm, 0.845 kg, 179.9 m? and 0.365m?2,
respectively.

Experimental setup and procedure

The heat transfer performance of the newly designed CHE
was also experimentally investigated in the experimental
setup shown in Fig. 4a, b. The experimental setup com-
prised two centrifugal pumps of 0.25 kW, four PT-100 tem-
perature sensors with +0.1% accuracy, two 500 L reservoir
tanks, an expansion tank, an electric heater of 25 kW used
to supply the thermal energy of the Aw tank, two turbine-
type mass flow meters with + 1% accuracy, eight ball vanes,
three proportional vanes with + 1% accuracy, four analog
differential manometers with + 1% accuracy to measure the
pressure drop between the inlet and the outlet of the CHE, a
PLC automation system and a water-cooled chiller of 11 kW.
As seen in Fig. 4(b), during the experiments, the CHE was
positioned vertically within the experimental setup. The
experimental setup used in the investigations consisted of
two close loops of Aw and cw flow. The cw flowed upwards
through the CHE, while the iw flowed downwards through
the experimental setup. In the numerical analyses, the flows
through the CHE were also take into account as cross-flow
with both fluids unmixed. The inlet temperatures of the cw
and Aw circulating in the CHE remained almost constant at
15 and 60 °C, respectively by using a temperature sensor, a
proportional vane and chiller system during the experiments.
The cw and hw outlet temperatures in the CHE were meas-
ured with both fluids unmixed, under conditions of constant
specific heat and fluid flow without phase change.

In the present study, the values given below were taken
into account for numerical calculation purposes using
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Table3 The geometry, temperature and mass flow rare parameters
used in the CFD and analysis results on the CHE

Heat exchanger parameters CHE
given in
Fig. 1
Length of the heat exchanger / (mm) =196 196
Width of the heat exchanger w (mm) =74 74
Hydraulic diameter of hot water inlet d;, ,,; (mm) 10
Hydraulic diameter of cold water inlet d;, .,; (mm) 10
Hot water flow line length /, (mm) 155
Cold water flow line length / (mm) 155
Plate or layer thickness ¢ (mm) 0.5
Minimum flow gap for fluid flow (mm) 0.5
Heat exchanger height z (mm) 20
Mass flow rates of the hot water ry,, (kg/s) 0.2
Mass flow rates of the cold water m,, (kg/s) 0.11
Inlet temperature of hot water T, ; (°C) 60
Outlet temperatures of the hw, Ty, (°C) 48.57
The temperature decrease of the hiw, AT, ,, (°C) 11.43
The pressure drops of the hw, Py, (kPa) 13.90
Inlet temperature of cold water T,,; (°C) 15
Outlet temperatures of the cw, T, (°C) 35.38
The temperature increase of the cw, AT, (°C) 20.38
The pressure drops of the cw, P, (kPa) 6.34
The inlet velocities of the hw, 8, (m/s) 2.55
The outlet velocities of the aw, 8, (m/s) 2.87
The inlet velocities of the cw, 9, (m/s) 1.40
The outlet velocities of the cw, 9, (m/s) 1.57
Nu(Re, Pr, y), h= w , Pr(T, P) and

h

Re(p(T, P), 9, u(T, P)), equations: Pr=5.515 for cw and
Pr =3.5955 for hw, uy=28.12x 10~ kg/m-s for cw and
U =5.525x10"* kg/m-s for hw, an average molecular
dynamic viscosity u, = 6.63 x 10~ kg/m-s for cw and hw,
k = 0.6155 W/m-K for average value of the 7, ; and T,

cwo?

Fig.3 a The Photograph of the
CHE by the MAM technol-
ogy, b A schematic view of the
MAM technology. (1) 200 W
fiber laser source, (2) Powder
supply container, (3) Wiper, (4)
Argon gas inlet ports (argon
atmosphere), (5) Beam focusing
optics, (6) Scanning mirrors,
(7) Lens, (8) Laser beam spot,
(9) Argon gas outlet port, (10)
Manufacture position of the 3D
CAD model the solidified part),
(11) Built platform, (12) Unsin-
tered metallic powder bed

(a)

@ Springer

and ¥ = 0.6425 W/m-K for the average value of the 7},,,; and
T;,,,,- Additionally, 3D CAD model of the CHE obtained by
design and analysis was used for the calculation of thermal
and dynamic parameters such as Re, 3,Nu, h and St along the
[, and [, which are shown in Fig. 2a, c. The average results
of the calculations were given in Table 4. In addition, The
temperature, velocity and pressure data were recorded from
1000 points in 0.5 mm depth of the each cwis and Awls along
the /. and [, on the CHE. Consequently, as can be seen in
Fig. 2a, the total heat transfer surface of the CHE was cal-
culated as being 0.345m2. According to calculations per-
formed on the CHE’s 3D CAD model, the wetted perimeter
of the cross-section of the cwls andhwls, where the cw and
hw fluids flow, is 0.1674 m. The hydraulic diameter of the
cross-section of cwls and hwls was calculated as 2.351 mm.
The surface area of a single face of a plate was also calcu-
lated as being 0.01725m?. The cross-section area of the each
cwl and hwl A, was calculated as 0.98402 cm?.

As can be seen in Table 4, it is observed that flows in
the Aw side of the CHE are turbulent flows in allaiwls, while
those in the cw side of the CHE are laminar flows in all
thecwls. On the other hand, the values of the , Re, Nu and &
are at a maximum in the Ist ~wl of the CHE, while they are
at a minimum in the 3rd cwl of the CHE.

Machine learning models
The descriptive statistics of the experimental data
In this study, 7}, and T, the parameters affecting the per-
formance of CHE, were predicted using five input variables
Ty Tiwis Teyr T, and 1z, ). The data ranges and total num-
ber of samples for seven different experiments for values of
riy,,, ranging from 6 to 12 L/min are shown in Table 5.
Following the division of the dataset into a training
set and a test set, the descriptive statistical parameters of
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Fig.4 a Detailed photographic view of the experimental setup. (1)
Hot water tank, (2) PLC control unit, (3) Cold water tank. b Sche-

matic view of the experimental setup. (1) Ball valves, (2) Analog dif-

Table 4 Average values of the d, Re, Nu,h and St calculated depending on the Aw and cw flow velocity in the hwls andcwls

ferential manometers, (3) PT-100 temperature sensors, (4) Centrifugal
pumps, (5) Turbine type flow meter

Calculated parameters hwls for 7y, = 0.2kg/s

cwls for m,,; = 0.11kg/s

1st 2nd 3rd 4th 5nd 1st 2nd 3rd 4th
9(m/s) 0.763 0.666 0.663 0.648 0.661 0.749 0.673 0.548 0.600
Re(-) 3424.9 2991.8 2974.0 2908.2 2969.2 2167.7 1946.8 1585.9 1737.7
Nu(-) 76.2 69.6 69.3 68.3 69.3 71.4 67.0 58.6 62.5
h(W /m?K) 24.991.4 22,732.7 22,386.6 22,700.6 22,437.2 21,040.1 18,407.4 19,613.2
St(-) 0.00625 0.00656 0.022,802.4 0.00661 0.00656 0.00632 0.00646 0.00686 0.00663
0655

@ Springer
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Table 5 Summary of experimental data used in the MLR’s and ANN’s development

Input variables

Output variables

1y, Total sample 1, Ty, T, T, m, Thvo T o

6 <1, <64 2095 55.5-64.8 59.7-60.3 9.5-25.9 14.6-15.1 29-19.1 40.047.1 23.8-41.4
6.5 <m,, <74 1967 59.0-64.9 59.9-60.2 15.2-66.6 14.6-15.5 2.9-10.1 41.2-48.7 27.1-42.3
75 <my,, <84 1664 57.0-64.6 59-8.60.3 14.9-23.9 14.6-15.1 2.9-10.1 42.7-49.5 28.2-43.4
8.5 <my, <94 1837 59.5-63.8 59.7-60.3 14.9-28.6 14.6-15.1 3.0-10.1 43.7-50.5 29.3-44.2
9.5 <my, <104 2490 58.6-65.2 59.8-60.4 14.9-28.0 14.6-15.1 3.0-10.0 44.7-51.4 29.9-45.1
10.5 <y, <114 325 62.2-63.7 59.8-60.2 15.1-15.6 14.5-15.1 5.9-6.7 47.3-48.2 35.2-36.9
11.5 <y, <12 947 60.1-63.7 59.6-60.1 15.1-29.2 14.7-15.1 2.9-8.1 46.9-52.7 33.1-44.2

1y,,,= Volumetric flow rate of the hw (L/min), T},,= Source temperature of the iw (°C), T},,,= Inlet temperature of the hiw (°C),

T.,,= Source temperature of the cw (°C), T,

cwi

= Inlet temperature of the cw (°C), mi,,,=Volumetric flow rate of the cw (L/min),

T,,,.,= Outlet temperature of the hw (°C), T,,,,= Outlet temperature of the cw (°C)

independent variables such as minimum, maximum, mean,
standard deviation, skewness and kurtosis values can be
seen in Table 6. The dependent variable of the dataset must
have a normal distribution for the implementation of MLR
(Ozdamar 2004). The skewness and kurtosis coefficients can
both be used to test whether a dataset has a normal distribu-
tion. It is expected that the skewness coefficient be less than
3 and the kurtosis coefficient be between —2 and 2 for a
dataset to have a normal distribution (Chemingui 2013). The
results obtained show that these criteria were met.

Multiple linear regression

MLR, widely used in engineering and other sciences, is a
useful statistical method for predicting the best relation-
ship between a dependent variable and several independent
variables. MLR is one of the regression models applied in
machine learning. The MLR model is based on the least
squares method, which minimizes the sum of the squares of
differences of observed values and estimated values (Tiryaki
and Aydin 2014).

Y=P0+px;+ - +hx. +e€ (8

The relationship between k independent variables and a
Y dependent variable is given by Eq. (8). In Eq. (8),x; is the
level of the second independent variable for =1, ... k. €
is the error term assumed to have zero mean and a normal
distribution with 62 variance. §,, f;, ... , B, parameters and ¢
are assumed to be unknown; the outputs Y, ..., Y, obtained
for k number x;;, ..., Xy, ..., x; input levels are estimated
(Ross 2014).

The MLR model in this study used the Scikit-learn
library, which was developed for machine learning appli-
cations, as well as basic Python libraries such as NumPy,
Pandas, and SciPy. After the experimental raw data were
collected, the data pre-processing step was performed. In

@ Springer

this step, the variables that were to be used in the machine
learning application were first selected through the feature
extraction process, before the features that were statistically
insignificant for the model (e.g., registration number) were
removed from the dataset. Missing data can occur for many
different reasons, including incorrect measurements, limited
data collection, and human errors during the obtaining of the
dataset. Considering the expanding data size, the multiplic-
ity of missing data can become a major problem affecting
the quality of the dataset (Qi et al. 2018). In this study, the
entire dataset was analyzed and all missing data problems
were resolved.

Certain statistical criteria can be used to select the appro-
priate model for machine learning applications. These crite-
ria should be able to compare and rank models, in addition
to explaining data or predicting a model. Although statis-
tical measures such as R-squared and adjusted R-squared
values, likelihood ratio tests, Bayes factors, Akaike informa-
tion criteria (AIC) and Bayesian information criteria (BIC)
can compare models, they do not measure the suitability
for the prediction of a given model. Therefore, choosing a
model based on these criteria will not be enough (Nicolet
et al. 2017). In the process of dividing the dataset into a
training set and a test set, deciding which data to choose is
an important factor affecting the model selection. Machine
learning algorithms have certain variables, called hyperpa-
rameters, which can increase or decrease the performance
of the algorithms. When an algorithm is run with a different
hyperparameter value on a training dataset, a different model
is in fact being built. Since the aim is to select the model that
will give the best performance in a dataset, a cross-validation
(Stone 1974) method can be used to compare the perfor-
mance. In this study, using a cross-validation method, the
dataset was divided into 70% training and 30% test. Some
machine learning algorithms require be all features of the
dataset to be in the same range (Bollegala 2017). Thus, as
part of the data preprocessing stage, all data in the dataset
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Table 6 Descriptive statistic of the variables used for the training and testing process
Training set Test set
My, SP T Tyi T, T i My T Tho T T T, Tevi ., Tevo Tyo
Xitin 55.5 59.7 9.5 14.6 2.9 23.8 40.0 57.2 59.9 15.2 14.6 2.9 23.8 40.0
Xytax 64.8 60.3 26.8 15.1 10.2 413 47.1 64.8 60.3 259 15.1 10.1 413 47.1
Xitean 63.8 60.0 15.8 14.8 6.4 32.1 42.7 63.8 60.0 15.7 14.8 6.3 323 42.8
6 Xga 0.7 0.09 1.8 0.07 2.0 4.31 1.9 0.7 0.08 1.6 0.07 2.0 4.2 1.9
Xgew —12 0.8 33 1.0 -0.04 0.6 0.7 =27 0.9 2.9 1.1 0.05 0.5 0.6
Xk» 2.0 0.08 1.1 22 -1.1 05 -0.6 3.0 0.55 2.0 25 -10 -05 -0.6
Xitin 59.2 59.9 15.2 14.6 29 27.1 41.2 59.0 59.9 15.2 14.6 2.9 27.3 41.3
Xytax 64.9 60.3 26.6 15.5 10.2 42.2 48.7 64.9 60.2 26.6 15.5 10.1 422 48.6
Xitean 63.6 59.9 15.8 14.9 6.8 327 43.8 63.6 59.9 15.8 14.9 6.6 33.1 44.0
7 X 0.4 0.08 1.7 0.08 23 4.6 2.1 0.6 0.08 1.8 0.09 23 4.7 22
Xgew —1.6 0.3 2.7 14 -0.1 0.7 09 -37 0.4 24 09 -0.07 0.6 0.7
Xk» 0.4 0.08 1.7 0.08 23 -05 -03 27 -1.1 1.9 41 -12 -0.8 -0.6
Xtin 57.0 59.8 14.9 14.6 2.9 28.1 42.7 57.2 59.8 15.0 14.6 3.0 28.3 42.7
Xytax 64.6 60.4 26.1 15.1 10.1 433 49.5 64.6 60.3 239 15.1 10.1 43.2 49.5
Xivtean 63.5 60.0 15.5 14.9 6.2 34.8 45.6 63.4 60.0 15.4 14.9 6.1 350 456
8 X 0.8 0.1 1.0 0.1 2.1 4.6 2.1 1.0 0.1 0.6 0.1 2.1 4.6 2.1
Xgew =39 0.3 2.7 0.1 0.1 0.4 05 -37 0.2 2.7 0.02 0.1 04 0.4
Xk» 14 -09 33 -16 -09 -09 -09 19 -1.0 16 -14 -09 -1.0 -10
Xotin 59.5 59.7 14.9 14.6 3.0 29.3 43.7 59.9 59.9 14.9 14.7 3.0 29.3 43.7
Xvtax 63.9 60.3 28.6 16.0 10.1 44.2 50.5 63.8 60.3 28.6 15.1 10.1 43.8 50.5
Xtoan 63.3 60.0 15.7 14.9 6.3 35.1 46.2 63.3 60.0 15.6 14.9 6.2 353 46.3
9 X 0.5 0.09 1.9 0.1 1.8 3.6 1.6 0.5 0.09 1.8 0.1 1.8 3.8 1.7
Xgew =39 -=0.1 55 1.8 0.1 0.5 06 =37 -0.02 2.8 04 0.1 0.4 0.5
X, 0.5 0.09 1.9 0.1 1.8 -04 -03 162 -09 336 -09 -07 -06 -05
Xysin 58.6 59.8 14.9 14.5 3.0 29.8 44.7 58.9 59.8 15.0 14.7 3.0 29.8 44.7
Xytax 65.2 60.4 28.0 15.1 10.0 45.1 51.3 65.2 60.4 28.0 15.1 10.0 45.1 51.3
Xytean 63.5 60.0 154 14.8 6.2 36.6 47.6 63.5 60.0 15.6 14.8 6.3 36.4 475
10 X 0.7 0.1 1.2 0.07 2.07 43 1.7 0.7 0.1 1.9 0.07 2.1 43 1.7
Xgew —2.1 —=0.1 2.9 1.5 0.2 0.3 03 -22 -0.1 2.7 1.6 0.2 0.3 0.2
Xkr 0.7 0.1 1.2 0.07 2.0 -08 —-06 08 -1.0 2.6 22 =09 -08 06
Xotin 62.2 59.8 15.1 14.8 5.9 352 47.2 62.2 59.8 15.1 14.8 5.9 352 47.2
Xtax 63.7 60.2 15.7 15.2 6.8 36.8 48.2 63.7 60.2 15.6 15.2 6.7 36.7 48.1
Xitean 63.2 60.0 154 15.0 6.1 36.2 47.8 63.2 59.9 154 14.9 6.2 36.1 47.7
11 X4 0.3 0.1 0.1 0.1 0.2 0.5 0.2 0.3 0.1 0.1 0.1 0.2 0.5 0.2
Xgew —1.1 =002 -05 -08 0.8 -06 —-06 -15 0.1 -02 -05 0.3 -03 -02
Xk, 02 -09 -13 -11 =12 -13 -12 14 -04 -16 -16 —-1.8 -15 =15
Xotin 60.2 59.6 15.1 14.8 2.9 33.1 46.8 60.1 59.6 15.1 14.7 3.0 33.1 47.0
Xtax 63.7 60.1 29.4 15.3 8.1 44.2 52.7 63.7 60.1 29.2 15.1 8.1 442 52.7
Xitean 63.2 59.9 16.5 14.9 5.6 37.3 494 63.1 59.9 16.6 14.9 5.7 370 493
12 X 0.4 0.09 3.1 0.1 1.5 32 1.5 0.4 0.08 32 0.1 14 2.8 1.4
Xgew —3.6 0.4 34 0.1 -03 0.7 05 -3.0 0.4 31 -01 -04 1.0 0.7
Xkr 1.3 -1.0 1.1 -09 -09 -04 -06 2.3 0.07 24 -12 -05 03 -0.0

SP = Statistical parameters, X,;,, = Minimum value, X,,,. = Maximum value, X,,,,, = Mean value, X, = Standard deviation,

X = Skewness coefficient, Xy, = Kurtosis coefficient

@ Springer
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were expressed in the same value range (—1 to 1) using
feature scaling.

In the next stage, the MLR model was trained using
the Scikit-learn library. There are many factors that affect
dependent variables in real life; too many of these factors
will have a negative effect on the usefulness of a variable
and will increase its complexity. Therefore, the model
only retains those attributes that have a greater effect on
the dependent variable; in other words, stepwise regression
can be achieved by eliminating less efficient features from
the model. MLR has a number of different stepwise regres-
sion methods (John et al. 1994). In this study, the backward
elimination method was used to train the MLR model. In this
method, all variables are included in the model at the begin-
ning of the algorithm. Then, the algorithm is executed by
successively removing from the model those features which
are greater than the specified level of significance (if more
than one is the largest). Until there are no more features
that are greater than the specified significance level, this
process continues (Narin et al. 2014). By the end of this
study, results had been obtained concerning the accuracy of
the model by conducting a performance evaluation of the
MLR model.

Artificial neural networks

Compared to conventional techniques, ANN is a non-linear
model based on fewer assumptions and constraints, tolerant
to noise and fault, with the ability to generalize (Fragkaki
et al. 2012). The ANN architecture has a three-tier structure,
including an input layer, a hidden layer, and an output layer.
The weights connecting the neurons in the layers are the
main factors of long-term information storage in ANN. As
a result, the number of neurons, the number of layers and the
type of links between the layers all have an important impact
on the behavior of ANN (Patterson and Gibson 2017).

A simpler type of ANN architecture, known as a single-
layer neural network, has only input and output layers. Thus,
an ANN architecture becomes a multi-layer neural networks
when hidden layers are added between the input and output
layers. If there is only one hidden layer, the architecture is
known as a shallow neural network. Alternatively, if there
are two or more hidden layers, it is referred to as a deep
neural network: a type that has recently become particularly
prominent (Kim 2017).

In multi-layer neural networks, a network can be trained
using various learning algorithms, such as back-propaga-
tion algorithms. A large number of numerical differences
between input values during the training of an ANN can
have a negative effect on the ANN’s performance. Therefore,
before establishing an ANN model, the data must be normal-
ized by expressing it within a certain value range (Chollet
2017). One of the normalization techniques in the literature

@ Springer

is min—max normalization, as expressed in Eq. (9) (Priddy
and Keller 2005).

(xi - minv)

] + min, 9)

x| = (max, — min,) l
(maxv — min,

where min, and max, is minimum and maximum values for
each feature in data, min, and max, is data that linearly trans-
formed to lie within the desired range of values.

There are many factors affecting the performance of an
ANN model. These can be listed as the number of hidden
layers, the number of neurons in the various layers, the type
of activation function used, the normalization technique
used, the type of learning algorithm used, the learning rate
and the momentum factor. Experiments should be carried
out adjusting these factors in order to obtain the best ANN
performance. In this study, to predict the 7}, and T, val-
ues, seven different ANN models were chosen to be tested,
in which m;,,, was specified as 6-7-8—-9-10-11 and 12. The
number of hidden layers for the models was set at two. The
training and testing stages of the ANN models were con-
ducted using Keras, which is a library of Python program-
ming languages.

In Fig. 5, the (6—6) neuron model of the ANN-6 architec-
ture was chosen as an example to illustrate in more detail the
structure of the ANN architectures used in this study. The
back-propagation algorithm is used for the training of the
networks in the ANN architecture, and the forward propaga-
tion of this algorithm is shown in Fig. 5.

One input layer (i), two hidden layers (j, k) and an output
layer (m) were used for the ANN models in this study. There
were five input variables in the input layer. First, all input
values were expressed within the same numerical range
using min—max normalization. Then, the output values of
the neurons in the first hidden layer were calculated. To this
end, the multiplication by own weights of input values and
of bias values was implemented as a sigmoid function. These
values also composed the input values of the second hidden
layer, and the output values of the second hidden layer were
calculated by repeating the same process for the second hid-
den layer. The output values of the output layer were calcu-
lated using the output values of the second hidden layer and
the weight values of the output layer. Following this stage,
the calculation of the error and the back-propagation process
took place. Since the epoch value was chosen as 1000, the
back-propagation algorithm was terminated at the end of
1000 iterations. Once the algorithm had been terminated,
the final weight and bias values for each layer were obtained.
The weight values between the layers of the ANN-6 architec-
ture are shown in Fig. 5. In the final stage, the output values
obtained were converted back into the original value range
using a de-normalization process.
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Fig.5 Description of the ANN-6 architecture for 7},,,,

Support vector regression

Support vector machines developed by Cortes and Vapnik
(1995) are a machine learning technique which is widely
used in regression applications where the dependent vari-
able consists of continuous data as well as linear and non-
linear classification problems. A data set can be classified
linearly by means of planes in three-dimensional space. x
and w including two-dimensional vectors, The inner product
of the vectors x = (x;,x,)andw = (0, —1)is shown as (w, x)
also (w,x) + 6, = O represents a hyperplane. In Fig. 6, the
data of Class 1 and Class 2 are separated by hyperplanes H
and H,. Sample data on hyperplanes H, and H, are called
support vectors. Support vectors serve as a boundary. Two
support vectors should be selected such that, both the dis-
tance between the hyperplanes H, and H, passing through
these support vectors should be the largest and the samples
of Class 1 and Class 2 should be able to be separated from
each other in the best way. This is the main goal that support
vector machines want to achieve. In Fig. 6, mathematical
representation of (w, x) + 0, = 0 is used for H hyperplane.
In this case, f(w, x) + 6, —d = 0 can be used for H, hyper-
plane and (w,x) + 6, + d = 0 can be used for H, hyperplane.
The distance d in these expressions can be taken as 1 for

*|class 1

Class 2

Fig.6 Linear separation of classes (Uguz 2020)

ease of calculation in this case (w,x) + 6, = 1is obtained
for H, hyperplane and (w,x) + 6, 1 is obtained for H,
hyperplane. In order to maximize the distance 2d between
the hyperplanes H, andH,, and to separate the class 1 and
class 2 data correctly, the optimization problem seen in the
Eq. (10) must be solved. In the Eq. (10), y, represents class
labels. Since the minimization problem in Eq. (10) has a
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quadratic objective function (%(w,w)) and a linear con-
straint, it can be solved by using quadratic programming
techniques (Lagrange multipliers).

Minimizel(w, w)
2 (10)
subject toyl-((w,xi) + 90) >1,Vi

In data sets that cannot be separated linearly, samples can
be moved from a lower dimensional space (input space) to
a higher dimensional space (attribute space) and thus their
dimensions are changed. Suppose that the vectors in the
input space x and z are represented as vectors a and b in
higher dimensional space. If the value obtained as a result of
the inner product of vectors ({(@,b)) a and b in high dimen-
sional space can be written in terms of the inner product of
x and z vectors in the input space, the function containing
this inner product expression is called the kernel.

Since some data sets are not separated linearly, core func-
tions can be used to convert a linear model to a nonlinear
model. If the objective function of any linear classification
problem includes an inner product of the vectors (x;, x;) an
appropriate K (x,-,xj) kernel function can be written instead
of this inner product expression. The technique used in
regression applications for data sets where the dependent
variable consists of continuous data is called support vector
regression. In this study, a support vector regression was
performed because the dependent variable consisted of con-
tinuous data.

Performance evaluation criteria and model
selection

Once a machine learning model has been established, the
performance of that model must be evaluated. The per-
formance evaluation criteria in machine learning change
depending on the type of application. The evaluation criteria
used for regression analysis and those used for applications
involving classification or clustering will be different. When
conducting a performance evaluation in regression analysis,
various regression metrics can be used, including R2, MAE,
MSE and MedAE (Zheng 2015; Al-Ghobari et al. 2018).
These are defined by the following equations:

Nyamples—1 3 2 _ Rsamples =1
R2 — (y,'/y\) -1- Ei:O ( i fl zwhere y= yi
Z?:(r)nﬂla.s_l <yi_ y) Ramples  i=0
(11)
~ 1 samples™ 1 ~
MAE(y,5) = )N P o (12)
nsamples
~ 1 samples ™1 A
MSE(y.5) = e =) (13)
nsamples !
MedAE(y,j)\) =median(|yI —)7\1|,...,|yn —)7;|) (14)

where ( 3)) is the predicted value of the i'th sample, y, is
the corresponding true value and n is the number of
observations.

Performance evaluation results obtained for ANN, MLR
and SVM models used in this study are given in Tables 7,

samples

Table 7 Statistical performance
of the ANN model with various

ANN Models NC1

NC2 Performance Evaluation Criteria

Performance Evaluation Criteria

numbers of neurons in the for T forTevo
hidden layers for T, and T,,,, R? MAE MSE MedAE R? MAE MSE MedAE
during the testing
6 5 8 0.988 0.022 0.001 0.019 0943 0.037 0.001 0.031
8 8 0962 0.038 0.002 0.028 0979 0.025 0.001 0.018
7 4 7 0955 0.050 0.004 0.047 0.980 0.034 0.002 0.028
8 6 0986 0.031 0.001 0.029 0979 0.035 0.002 0.027
8 7 8 0986 0.030 0.001 0.025 0.988 0.029 0.001 0.025
6 6 0.992  0.020 0.000 0.016 0.982 0.033 0.001 0.034
9 8 4 0.970  0.024 0.002 0.014 0.964 0.037 0.002 0.029
3 5 0.963 0.038 0.002 0.028 0.968 0.025 0.002 0.015
10 6 3 0.965 0.037 0.002 0.028 0909 0.074 0.005 0.073
8 7 0909 0.042 0.002 0.035 0941 0.036 0.001 0.030
11 7 7 0.860 0.115 0.024  0.098 0.901 0.067 0.007 0.075
7 8 0.800 0.142 0.026 0.108 0.960 0.058 0.005 0.045
12 5 6 0.965 0.039 0.002 0.034 0.977 0.030 0.001 0.021
8 5 0.962 0.038 0.002 0.029 0.942 0.038 0.001 0.032

NC1 =Neuron count for hidden layer 1, NC2 =Neuron count for hidden layer 2
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12 and 13, respectively. As a result of the experiments made
using all three algorithms, firstly, performance values of the
training set were obtained. The results of the experiments
made with the test data set achieved higher success than the
results of the experiments made with the training data set.
This shows that the models are not overfitting. The results
seen in Tables 7,12 and 13 include the results of the test data
set. In Table 7, higher values are written in bold.

Supervised learning techniques prediction studies with
regard to machine learning elementarily base on Neural
Networks based techniques, Support vector machines, Sta-
tistics based techniques (Bayes approach, Multiple linear
regression), Similarity based techniques (Nearest neighbor
approach) and Inductive approach (Decision Trees) ecoles
(Domingos 2015). In this study, experiments were carried
out using algorithms belonging to three important predic-
tion ecoles. Depending on the data set used in each scientific
study, the success performances of these algorithms also dif-
fer. The same algorithms may exhibit different performances
in different data sets similar to the subject of this study.

There are different approaches for model selection tech-
niques in machine learning applications. Resampling meth-
ods seek to estimate the performance of a model (or more
precisely, the model development process) on out-of-sample
data. Bootstrap, Cross validation, and random train/test splits
are among the common resampling model selection meth-
ods. In this study, the k-fold cross validation technique was
used. Thus, during the separation of the dataset as training,
verification and test set, problems that may occur in its dis-
tribution can be prevented. In literature reviews, it is seen
that the data set is distributed into k number of parts by
choosing the value of k between 5 and 10. For this reason,
k value was chosen as 10 in this study. In the k-fold cross
validation technique, each part is used in the training of the
model using a separate test data set. The overall performance
of the model was obtained by averaging the performance
values obtained at the end of each part. This model selec-
tion technique was used before the training of the algorithms
used in this study.

Results
Performances of the ANN models

The results of the performance evaluation criteria produced
for the independent variables (7}, and 7,,,,) of the ANN
architectures composed for the seven different experiments
are shown in Table 7. The different neuron combinations
that first and second hidden layer from 1 to 8 were tested
for each architecture and the highest performances obtained
are recorded in a dark color in Table 7. The highest per-

formance of all the architectures for 7}, belonged to the

ANN-8 architecture, which had six neurons in both hidden
layers. The lowest performance belonged to the ANN-11
architecture, which had seven and eight neurons in both hid-
den layers. The highest performance of all the architectures
for T,,, belonged to the ANN-8 architecture, which had
seven and eight neurons in both hidden layers. The lowest
performance belonged to the ANN-11 architecture, which
had seven neurons in both hidden layers.

The training of the multi-layer perceptron was carried out
over 2 hidden layers. The trainings were carried out until
the best performance values were obtained by giving differ-
ent values to the number of iterations of the algorithm, the
number of neurons in the hidden layers and the activation
functions used. The iteration number was created with 20
different values between 1000 and 50,000. Sigmoid function
was used as activation function. The number of neurons was
determined between 5 and 10. All alternative values were
tested on the training of the network and the most outstand-
ing results obtained by testing test data sets are given in
Table 7.

The experiments we made in our study gave high perfor-
mance values with the current parameters. For this reason,
not any value change was made on factors such as activation
function, normalization technique, type of learning algo-
rithm, the learning rate and the momentum factor, which
may affect ANN performance.

Performances of the MLR models

As aresult of the stepwise regression, p value and standard
error values of the independent variables affecting 7, and
T,,., are shown in Tables 8 and 9, respectively. The p-value
indicates the statistical significance of the regression coef-
ficients. In this study, since the confidence interval was
determined as 95%, independent variables with a p value
less than or equal to 0.05 may be considered important in
the regression model. For example, in the model developed
for the experiment in which (riz,,, = 6), the p value for T, is
not included: the model led to a p value greater than 0.05 in
the stepwise regression and thus the respective coefficient
in the tables is left blank.

As a result of the MLR analyses performed using
the seven different sets of experimental data, the equa-
tions derived for the five independent variables and the
two dependent variables are shown in Tables 10 and 11,
respectively.

Table 12 shows the results of the evaluation of the statis-
tical performance of the MLR model developed to predict
the 7}, and T, dependent variables, using four different
performance evaluation metrics. The results show that both
dependent variables had a slightly lower prediction perfor-
mance, compared with other experiments, in the results of
the experiment in which 7,,=11. The highest performance
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Table 8 Standard error of MLR

. . Independent variables
coefficients and probability of

independent variables for T;,,,, Ty, Intercept T, Ti T., T..i nt,,,
6 <y, <64 SE 7.633 0.014 0.123 - 0.152 0.005
p value 0.000 0.004 0.000 - 0.000 0.000
6.5 <my,, <74 SE 8.165 - 0.140 0.007 0.142 0.005
p value 0.000 - 0.000 0.000 0.000 0.000
7.5 <my,, <84 SE 5.343 0.011 0.084 0.010 0.082 0.005
p value 0.000 0.000 0.000 0.000 0.000
8.5 <y, <94 SE 0.090 - - 0.006 - 0.006
p value 0.000 - - 0.000 - 0.000
9.5 <my,, <10.4 SE 4.533 0.011 0.070 0.005 0.102 0.004
p value 0.000 0.000 0.000 0.000 0.000 0.000
10.5 < my,, <11.4 SE 3.892 0.017 0.049 0.086 0.086 0.059
p value 0.000 0.000 0.002 0.000 0.000 0.000
11.5 < iy, < 12 SE 6.152 0.017 0.108 0.003 0.083 0.007
p value 0.447 0.000 0.000 0.011 0.000 0.000
SE =standard error, p value = probability
Table 9 Standard error.o.f MLR Independent variables
coefficients and probability of
independent variables for T, Ty, Intercept T Ty T., T, m,
6 <y, <64 SE 13.271 0.025 0.214 - 0.264 0.010
p value 0.000 0.004 0.000 - 0.000 0.000
6.5 <y, <74 SE 13.043 0.038 0.216 0.011 0.219 0.008
p value 0.000 0.038 0.000 0.000 0.000 0.000
7.5 <my,, <84 SE 9.696 0.020 0.153 0.018 0.149 0.009
p value 0.000 0.000 0.000 0.000 0.000 0.000
8.5 <y, <94 SE 14.123 0.039 0.232 0.011 0.201 0.013
p value 0.000 0.005 0.001 0.000 0.002 0.000
9.5 <my,, <10.4 SE 9.983 0.023 0.153 0.012 0.225 0.009
p value 0.000 0.000 0.000 0.000 0.000 0.000
10.5 < my,, < 11.4 SE 3.558 0.028 - 0.137 0.138 0.094
p value 0.000 0.000 - 0.000 0.000 0.000
11.5 < my,, <12 SE 2917 - - - 14.737 0.000
p value - - - —158.192 0.000
SE standard error, p value = probability
e 0 o sl
6 <y, <64 Ty = —127.231-0.0417,, 4+ 2.607T,,,; + 1.491T,,; — 0.937m,,
6.5 <my, <74 Ty = —122.217 4 2.299T,,,, — 0.298T,,, + 2.3217,,,; — 0.891m1,,,
7.5 <y, <84 Typeo = 51.819-0.138T,,, + 0.7917,,,,; — 0.046T,,, — 2.546T,,,; — 0.988m,,
8.5<my,, <94 Ty = 51.137 4+ 0.043T,,, — 0.8785m,,
9.5 <my,, <104 Tyo = —80.589+0.058T,, + 1.557T,,,,; — 0.026T,,, + 2.455T,,,; — 0.809m,.,,
10.5 <y, < 11,4 Typeo = 34.572—-0.1307,,, + 0.155T,,,,; + 0.402T,,, + 0.5387,,,; — 0.335m.,,
11.5 <my, <12 Ty = —2.824-0.095T,, + 0.768T,,,,; + 0.006T,,, + 0.997T,,; — 1.001m;,,
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Table 11 Equations derived

Ty, Equations

from the MLR for T,
6 <y, < 6.4 T,,, = —210.856-0.073T,, + 3.8807},,,; + 1.890T,,; — 2.069m,,,
6.5 <y, <74 T,,, = —235.450-0.078T,, + 3.719T,,,,; — 0.064T,,, + 43117, — 1.947m,,,
7.5 <ny, <84 T,,, = 48.629-0.255T,, + 1.629T,; — 0.1067T,,, — 5.3627,,,; — 2.186m;,,
8.5 <y, 9.4 T,,, = 108.634-0.110T,, — 0.758T,,,; + 0.081T,, — 0.6327T,.,; — 2.015m,,
9.5 <y, £10.4 T,,, = —211.447+0.091T,, + 2.910T,,,,; — 0.075T,,, + 5.458T,; — 1.993m_,,
10.5 < iy, < 11,4 T,,, = 29.583-0.206T,, + 1.0307,,, + 0.615T,,; — 0.877m_,,
115 <y, <12 T,,, =42987+0411T,, —2.082m,,

;Z?;:rgantgeogﬁﬁgcgr T nmy,, Testing process for T, Testing process for Ty,

and T, the during the testing R? MAE MSE MedAE R? MAE MSE MedAE
6 <y, <64 0936  0.192  0.064 0.144 0.938 0.199 0.061 0.164
6.5 <y, <74 0.941 0.200  0.056 0.180 0942 0219 0.061 0.209
7.5 <y, < 8.4 0.963 0.153 0.032 0.129 0962  0.161 0.037 0.142
8.5 <my,, <94 0.927 0.153 0.072 0.153 0919  0.225 0.080  0.182
9.5 <y, £10.4 0.958 0.167 0.041 0.152 0.959  0.165 0.040  0.145
10.5 <my,, <114 0896 0.218 0.103 0.128 0.797 0370  0.202 0.343
11.5 <my,, <12 0.977 0.109  0.022 0.086 0964  0.137 0.038 0.089

for T,,,, was obtained in the prediction for the experiment
in which r,,=8. The highest performance for 7}, was
obtained in the prediction for the experiment in which 7,
=12.

The graphs seen in Fig. 7 include the average of the actual
T,.,and T, values obtained as a result of the experiments,
and a comparison of the values predicted from the equa-
tions of the models shown in Tables 10 and 11. Thanks to
the graphics, it is also possible to see intermediate values
ofry,,. T}, and all values determined for T, were obtained
by taking the average of the experimental samples in the
data set. For example, in the data set, there are 10 different
test results for s, = 6.1. Ty pperiment A0 T o Experiment
values in the graphs were obtained by taking the average
of these 10 different test results. The values of T},,,,_pregict
andT,,,_peqici» the other two parameters in the graphs, were
created by taking the average of the experimental results
produced with the model equations in Tables 10 and 11.
The representation of the performance results in Table 12
on actual data can be provided with graphics. For exam-
ple, looking at Fig. 7a, which includes the comparison of
my,, = 6.8, it can be seen that the model predicts the values

of T, with a very high success. And the lowest prediction

success in this graph seems to belong to the value of T,
for i1, = 6.3 andr,,,, = 6.6.

Performances of the SVR models

The kernel parameter can be shown as the important parame-
ter used in the support vector regression model. In the Scikit-
learn library, the kernel parameter takes ’linear’, *poly’,
'tbf’, ’sigmoid’ and ’precomputed’. The best results were
obtained with rbf kernel. Another important parameter is the
¢ parameter, a penalty parameter that determines the toler-
ance shown to incorrectly classified samples. The default
value of 1.0 for this parameter was used. And the final
parameter with regard to SVM is gamma (y), which gives
the coefficient of core functions. The default value of auto
for this parameter was used. The results of the performance
evaluation criteria produced for the independent variables
(T},,,, andT ) of the SVR architectures composed for the
seven different experiments are shown in Table 13. The best
of prediction scores for T, during testing were obtained
for the value of m;,,, in value ranges of 9.5 < 1, < 10.4 and
11.5 < my,, < 12. The best of prediction scores during test-
ing for 7,,,, was obtained for the value of m;,, in the value
ranges of 7.5 < m,,,, < 8.4 and9.5 <y, < 10.4.
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Table 13 The performance My, Testing process for T, Testing process for Ty,

of SVR for T,,, and Ty, the

during the testing R? MAE MSE  MedAE R? MAE MSE  MedAE
6 <y, <64 0.962 0.037 0.002 0.038 0.964 0.042 0.002 0.039
6.5 <my, <74 0.966 0.051 0.003 0.053 0.941 0.066 0.005 0.069
7.5 <nmy, <84 0.962 0.051 0.003 0.053 0.968 0.046 0.003 0.046
85<m,, <94 0.956 0.037 0.002 0.028 0.954 0.034 0.002 0.026
9.5 <my, <104 0.976 0.036 0.001 0.035 0.969 0.037 0.002 0.035
10.5 < my,, <11.4 0.933 0.073 0.008 0.062 0.838 0.112 0.019 0.101
11.5 <y, <12 0.972 0.037 0.002 0.029 0.960 0.044 0.002 0.043

The graphs seen in Fig. 8 include the average of the actual
T,,.,and T, values obtained as a result of the experiments

cwo

for SVR model.

Conclusion

In this study concerning a compact heat exchanger (CHE)
with a complex structure, manufactured using metal addi-
tive manufacturing (MAM) technology, some experiments
were carried out to determine the outlet temperatures of the
hot water (hw) and cold water (cw) during the testing phase
of the CHE produced. Since an increase in the number of
experiments conducted will have a negative effect on the
manufacture time and cost of the CHE, the results of the
unperformed experiments were instead predicted using arti-
ficial neural networks (ANN) multivariable linear regression
(MLR) and support vector regression (SVR) methods, from
data obtained from the other experiments. The experiments
on the CHE were repeated for seven different ~Aw volumetric
flow rates (ri1,,). In the models developed for each experi-
ment, the source and inlet temperatures of hw and cw (T},
and 7),,;, and T,,, andT ., respectively), and the volumetric
flow rate of cw (7i1,,,) were selected as input parameters for
the ANN, MLR and SVR methods. Performance evalua-
tion criteria, such asRZLMSE, MAE andMedAe, were used

to investigate the performances of the models. The models
obtained in this study could be used by other researchers for
testing heat exchangers with a similar geometry. Because the
CHE developed in the study is with special geometry and
manufactured by MAM technology, there is no equivalent
that can be compare in the literature. However, there is a
limited number of studies on the usage of machine learn-
ing techniques for CHE. (Tan et al. 2009) applied the ANN
model for predicting the overall the rate of heat transfer in
the exchanger (Q) of a compact fin-tube heat and they found
0.6%, 0.9% and 0.9%, respectively, the MAE of the ANN
model for the training, test and validation data sets. (Ermis
2008) developed a ANN model for predicting heat transfer
coefficient, pressure drop and Nusselt number values. It was
reported that results for heat transfer coefficient, pressure
drop and Nusselt number values. R? values are found as
0.9995, 0.9952 and 0.9993, respectively. Other studies have
usually been performed for conventional heat exchangers
in terms of estimation of phase change characteristics and
estimation of heat exchanger parameters. According to the
findings of this study, no significant difference was observed
between the performances of machine learning techniques.
When the mean values of R? of the seven experiments were
performed, ANN, MLR and SVR models were 0.960, 0.961
and 0.942, respectively.
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