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INTRODUCTION

ABSTRACT

Compact heat exchangers are an essential device for efficiently transferring thermal energy
between fluids. In contrast to larger objects of the same kind, they do this by optimizing the
surface area for heat transmission inside a more compact space. This study theoretically cal-
culates the heat transfer coefficient and pressure drop of a plate compact heat exchanger using
design parameters such as air flow rate (1-4 kg/s), inlet air temperature (300-350 K), outlet
air temperature (400-450 K), passage width (0.003-0.05 m), divider width (0.001-0.005 m),
and heat exchanger length (0.15-1 m) at atmospheric pressure (101325 Pa). The study uses
the Levenberg-Marquardt artificial neural network method to investigate heat transfer coeffi-
cients in compact heat exchangers. Results demonstration that the coefficient increases with
mass flow rate doubling and 93% tripling. The maximum coefficient increases by 7.9% with
a divider width of 0.001 m, while it decreases with shorter route lengths. The investigation
revealed that pressure decreases exhibit a more pronounced rise in relation to the width of
the divider. The factors increased by 1.04, 1.08, 1.13, 1.17, and 1.22 for divider widths of 0.001
m and 0.005 m, respectively, at varying temperatures. The change in the width of the divider
had little effect on the pressure decrease at constant average temperatures. The Mean Squared
Error (MSE) for heat transfer was -0.1787, whereas the MSE for pressure drop was 3.988. The
training phase of the ANN was flawless, achieving projected values over 200 W/m’K and a
pressure decrease surpassing 5000 Pa.
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fields, heat exchangers (HEX) are complicated systems that

Plate-fin heat exchangers (PFHE) are utilized widely
and frequently in the heating, cooling, air conditioning,
power generation, and heat recovery industries. In these
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depend on design factors like the width of the divider, the
passage, the air temperature, the atmospheric pressure, and

the mass flow rate. It is difficult to predict the movement
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of heat and the reduction of pressure in various fin types
utilized in PFHESs, including plain, wavy, serrated, perfo-
rated, and louvered fins. Because there are so many geomet-
ric parameters, there isn't a lot of experimental data in the
literature. Because of this, some experimental correlations
were used to make an educated guess about how well the
fin would work in PFHEs. Most people think that mistakes
in estimating caused by correlations are much worse than
mistakes in measuring, mostly because they involve com-
pressing data. Currently, artificial neural networks (ANN)
are utilized to address the challenge of forecasting the ther-
mal characteristics of various HEXs.

The literature review undertaken in this article is exam-
ined in three segments: investigations into thermal per-
formance utilizing ANN methodologies, research aimed
at enhancing thermal and hydrodynamic efficiency, and
thermo-economic analyses. The studies in the literature on
thermal effects are summarized in the following paragraph.
Ermis [1] uses ANN to look at how heat moves through
small HEXs. The ANN uses experimental data to guess the
heat transfer coefficient (HTC), the pressure drops (AP),
and the Nusselt number. The network uses a feed-forward
back-propagation algorithm and various hidden numbers
to predict heat transfer values. The trained ANN outper-
forms experimental results, with an absolute mean relative
error of less than 6%. Demir [2] uses an ANN model to
pretend the thermal performance of a chevron-type plate
HEX using water as the operating fluid. The model esti-
mates outer temperatures based on cold water mass flow
rate, inlet hot water temperature, and inlet cold water tem-
perature, employing partial data. The experimental and
predicted results are very close to each other. The network
predicts outlet temperatures of 2.58% for hot water and
1.80% for cold water. Shi et al. [3] examine the equiva-
lent thermal conduction resistance of printed circuit heat
exchangers (PCHE) and their impact on thermal convec-
tion resistance. The consequences show that PCHEs with
unequal numbers of hot and cold plates have a sensitive
equivalent thermal conduction resistance, with a maxi-
mum value of 1.7-2.4 times the smallest value. The pro-
posed correlations have acceptable accuracy for overall
engineering claims. The ANN model is better at making
predictions, so it is recommended for important needs.
Dossumbekov et al. [4] aims to develop models for calcu-
lating the Nusselt number in a micro-HEX utilizing hybrid
nanofluids through advanced methodologies. This research
utilizes experimental data from a different study to suggest
models based on multilayer perceptron (MLP) and Group
Method of Data Handling (GMDH) neural networks (NN).
The models are very accurate, with R2 values of 0.9948
and 0.9972, correspondingly. The overall Absolute Relative
Deviation (AARD) of the studies is 2.43% and 1.56%,
respectively. Li et al. [5] emphasize optimizing the thermal
hydraulic performance of a PCHE for the supercritical car-
bon dioxide (S-CO,) Brayton cycle. The four parameters
that were chosen were the airfoil fin's maximum thickness,

maximum thickness location, transverse pitch, and stag-
gered pitch. The study used computational fluid dynamics
(CFD) simulations, machine learning, and optimization
algorithms. Results presented that growing the extreme
thickness location value improved the PCHE’s perfor-
mance by about 6.2% associated with the basic structure.
The study also used the sequential quadratic programming
(SQP) algorithm and non-dominated sorting genetic algo-
rithm II (NSGA-II) for optimization. Zhu et al. [6] propose
experimental systems for two-phase flow heat transfer in
mini channels utilizing ANN models. The models forecast
heat transfer performance acceptably with a Mean Absolute
Relative Deviation (MARD) of 11.41% and 6.06%, respec-
tively. The ANN study can be transferred across various
datasets but demonstrations unacceptable performance for
various situations. This study can benefit advanced ther-
mal management systems. Zarea et al. [7] utilize the Bees
Algorithm (BA) in the model of a cross-flow plate-fin HEX
with an offset strip fin. The algorithm is optimized using
the second law of thermodynamics and minimizes entropy
generation units. The study compares BA's effectiveness and
accuracy with other algorithms like GA, Particle Swarm
Optimization (PSO), Imperialist Competitive Algorithm
(ICA), and initial project. The results display BA offers
higher accuracy in finding the optimum configuration.
Hernandez-Gil et al. [8] employ an ANN and mathematical
approaches to compute the heat transfer area, considering
the nonlinear fluctuations of the global HTC due to fluid
properties and surface geometry. The method was tested in
two different situations, and the results showed that it could
predict the heat transfer area with an error rate of less than
2.8%. Zeng et al. [9] investigate the AP and heat transfer
characteristics of a high-efficiency plate-fin structure in
an air preheater, focusing on the critical Reynolds number
for turbulent flow conversion and separating HTCs using
the Genetic Algorithm method. The findings will aid in
the in the future design of high-efficiency heat preheaters.
Gupta et al. [10] developed an ANN model to predict the
performance parameters of perforated micro-pin fin heat
sinks under different geometric parameters and inflow
circumstances. A 3-D CFD simulation system was used to
produce dataset examples. The model forecasts the Nusselt
number and friction factor with a mean absolute percent-
age error (MAPE) of 4.45% and 1.80%, correspondingly. A
multi-objective non-dominated sorting genetic algorithm
(NSGA-II) was employed for optimization, resulting in
an increase in thermal performance between 11.5% and
39.77%.

The studies in the literature where thermal and hydro-
dynamic effects are examined together are summarized in
the following paragraph. Peng and Lin [11] dynamically
optimized the Support Vector Regression (SVR) model
to the research method, and k-fold cross-validation was
projected to forecast the thermal-hydraulic performance
of compact heat exchangers (CHEs). The model’s perfor-
mance was evaluated with 48 experimental data points and
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associated with the ANN method. The SVR model showed
better estimate performance with mean squared errors
(MSE) of 2.645 x 10~ for testing the j factor and 1.231 x
1073 for testing the f factor. Peng and Lin [12] present an
application of ANNS to forecast AP and heat transfer char-
acteristics in PFHEs. The research assesses the thermal effi-
ciencies of five PFHEs and constructs a feed-forward neural
network utilizing a backpropagation algorithm. The ANN
is trained on experimental data to predict the j and f factors
in PFHEs. It gets MSEs of less than 1.5% for the j factor
and 1% for the f factor. Nascimento et al. [13] employ an
optimization technique and a Random Vector Functional
Link (RVFL) network to develop a counter-flow PFHE fea-
turing offset-strip fins. CFD simulations created a dataset
for training and testing, thereby reducing processing time
and ensuring the accuracy of PFHE. The Non-Dominated
Sorting Genetic Algorithm ITT (NSGA-III) was computed to
accomplish optimal effectiveness, minimal volume, and AP
at both the hot and cold sides. Experimental endorsement
employing the Shear Stress Transport (SST) k-w turbulence
model indicated 4.36% and 3.27% discrepancies in AP and
convective HTC measurements, respectively. Singh et al.
[14] suggest employing Response Surface Methodology
(RSM) and ANN to optimize the design of fin-tube heat
exchangers (FTHESs) equipped with vortex generators. The
ANN was better at forecasting the Nusselt number and fric-
tion factor than the RSM, with R-squared values of 0.990
and 0.954. The best design configurations were recom-
mended based on how well they exchanged heat or lowered
AP, making sure that both goals were met in a balanced way.

The studies in the literature where thermo-economic
analysis is examined in conjunction with the ANN method
are summarized in the following paragraph. Xie et al. [15]
concentrate on enhancing a plate-fin type CHE through the
application of a GA. The GA searches, combines, and opti-
mizes structure sizes, with the minimum total volume and
yearly price as objective functions. The fin geometries are
fixed, and three shape parameters are varied with or with-
out AP constraints. The improved CHE offers 30% lesser
volume or 15% lower yearly price with AP constraints and
49% lower volume or 16% lower annual cost without AP
constraints. Jilak et al. [16] optimize a plate HEX design
employing a multi-objective evolutionary algorithm/
decomposition, considering thermal efficiency and manu-
facturing cost as objective functions. The e-NTU method
was utilized to look at the chances of AP and efficiency.
A ceramics factory in Kerman Province did an experi-
ment and found that the expected design led to a 19.962%
increase in efficacy rate and a 9.533% decrease in price. We
used Pareto front analysis to show how the best points for
design variables are spread out. Peng and Lin [17] demon-
strate the efficacy of GA and Backpropagation Neural
Networks (BP) in enhancing PFHE. The main objectives
are minimizing total weight and annual cost, ensuring the
smallest size with minimal capital cost, and maximizing
APs. The GA combined with the BP method optimizes

variables such as core length, number of hot side layers, fin
height, and pitch, making this method universally applica-
ble for various PFHEs.

The literature research indicated that ANNs are more
effective for thermal analysis in engineering applications,
particularly in HEXs. The Levenberg-Marquardt ANN
method has not yet been utilized or evaluated for thermal
properties in PFHE. This paper’s investigation focuses on
examining the effectiveness of ANN with the Levenberg-
Marquardt method in analyzing thermal features (such as
AP and heat transfer) in a PFHE. A theoretical calculation
was established to study the thermal performance of PFHE.
The theoretical data was analyzed using the ANN approach
to demonstrate its effectiveness in representing design
parameters. A methodology utilizing cross-validation was
created to evaluate the anticipated inaccuracy of the ANN
method built from insufficient data in predicting PFHEs
behavior under various operating situations and design
parameters. With this study, it has been determined that
compact heat exchangers produce solutions within a very
low deviation range of +10, and solutions are provided in a
short time with ANN management without requiring addi-
tional experimental work and thermal analysis. As can be
seen from the literature studies, the Levenberg-Marquardt
ANN method has almost never been used in compact heat
exchanger studies, and this study takes its place in the lit-
erature as a guide for compact heat exchanger designers,
manufacturers, and researchers.

THERMAL CALCULATION

The thermal and hydrodynamic performance of the
Compact HEX as shown in Figure 1 was analyzed by cal-
culating the HT'C and pressure loss using EES V9.944 soft-
ware. The e-NTU method was utilized to determine the heat
transfer capability of the compact HEX. The thermal and
hydrodynamic calculations of the compact heat exchanger
are calculated as shown in equations (1) to (14) [18].

The effectiveness of a cross-flow HEX with distinct flu-
ids as proposed:

¢  G(T.-T..) C(T.-T.)
E= = =
[/ G (Th,in _Th,out) Cin (Th,fn =T, o

1)
)

where C_;, is the lesser of the C;, and C_. magnitudes. NTU
is calculated as follows:
AU 1 ¢
NTU = =2 - (Udd
- ] @

min min 0

where A is the heat transfer area as used in the descrip-
tion of U. In design work U can commonly be preserved
as constant.

C=" 3)
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Figure 1. Geometry and design parameters.
where C_;, and C,_, are correspondingly, the lesser and the tanh (m!/)
greater of the two magnitudes C;, and C_. = ml @)

U is the average HT'C and A, is total heat transfer sur-
face area calculated from:

11 a 1
Uh no,hhh (14\4/ / Ah )k (Ac / Ah )ﬂo,chc (4)
1 1 o 1

= + + 5
U 770,chc (Aw/Ac)k (Ah /Ac)no,hhh ( )

c

Where Uy, is based on a unit of hot-side total area and
Uc is based on a unit of cold-side total area. A signifies the
overall wall area; n;, and n, ), represent temperature effec-
tiveness of the total area A, and A, correspondingly.

Ar
n,=1-=(1-n;) ()

tot

where A¢is the frontal area, A is the total area, nis number
of fins and n, is the weighted average of the 100% effective-
ness of the prime surface. Gardner [19] gives relations for n;
for a number of fin geometries.

o [
- k5f (8)

where h is the HTC, k is the thermal conductivity, and § is
the fin thickness.
Mass flux, G, can be expressed as:
m
G=—
o4, (9)

The variables are defined as follows: #1 represents the
mass flow rate, o is the ratio of the free flow area to the
frontal area, and A, denotes the frontal area. Calculate the
Reynold’s number using the following formula:

_GDh
U

Re (10)

D, represents the hydraulic diameter, u stands for
dynamic viscosity, and G is the result of multiplying
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the maximum mass velocity by the density of the fluid.
Hydraulic diameter is estimated as follows:

_ 2“(17_5./‘)
Do) (an

The Colburn jy factor which is a function of the Stanton
the Prandtl number and is calculated as follows:

Jy = StPr?? (12)
Nu h q,

St = e —— e ———
RePr Ge, ¢,G(T,-T,)

(13)

Pressure Drop Calculation
Pressure drop in compact HEX is calculated as follows:

(1“’2)(@‘1)”%Ml (14)

vin c in

AP G? v,
P, 2g P

in in

where o is the ratio of minimum free flow area to frontal
area and fis the Fanning friction factor.

ANN Model Development

An MLP-based ANN method has been established to
estimate the HT'C and AP of the compact HEX. MLP net-
works, which consist of interconnected layers, are one of
the ANN models that can make predictions with high accu-
racy due to their strong systematic structure. Structurally,
an MLP network contains an input layer, a hidden layer,
and an output layer. Air flow rate, air temperature, passage
width, and HEX length are described as shown in Table 1 as
input parameters in the input layer of the developed MLP
network. In the network model, the layer afterward the
input layer is the hidden layer, and every MLP network has
at least one hidden layer. The lack of a set way to calculate
the neuron, which is an important part of the hidden layer,
makes it hard for MLP networks to grow. To compute the
number of neurons in the hidden layer, the most commonly
used technique is to evaluate the performance of network
models created with dissimilar neuron numbers. In the

Table 1. Input parameters for thermal and ANN calculation

developed network model, performance analyses of MLP
networks with numerous neuron numbers are made, and
the model with 10 neurons in the hidden layer is selected.
In the output layer, which is the next layer from the hid-
den layer, two different parameters are estimated, namely
HTC and AP. Figure 2 presents the symbolic configuration
scheme and basic architecture of the created MLP network.
The machine-learning model has three stages: training,
prediction, and validation. A specific part of the data in the
study should be reserved for training. Training is the stage
of teaching the available data to the machine. Prediction,
on the other hand, is the stage of creating the machine’s
outputs that performs the learning from the data at hand.
On the other hand, validation is the validation phase of the
results obtained in the prediction phase with theoretical cal-
culations. The ANN develops a total of 13860 data points,
reserving 9702 for model training, 2079 for validation, and
another 2079 for testing. As the training algorithm, the
LM-type ANN training algorithm, which is frequently used
in ANN models and has high learning ability, is preferred.
Transfer functions are utilized in the hidden and output
layers of the MLP network to estimate the HTC and AP,
respectively. Table 2 contains info on how data is examined
for ANN approaches.

To evaluate the approximation performance of the
designed ANN method, coefficient of determination (R)
and MSE parameters, which are extensively used in the pre-
vious studies, are selected. In addition to these performance
parameters, the values of HTC and AP attained from the
ANN method and the margin of deviation (MoD) values,
which represent the relational deviation among the target
ones, are also calculated. The statistical equations work-
ing in the computation of the performance factors are as
indicate:

1Y 2
MSE = N Z(XCalc(i) - XANN(i) )

i=1

(15)

Symbol Values Unit
Mass Flow Rate m 1-4 kg/s
Inlet Temperature T, 300-350 K
Outlet Temperature T, 400-450 K
Width of Passages for Second Fluid b, 0.003-0.05 m
Width of Divider a 0.001-0.005 m
Atmospheric Pressure Patm 101325 Pa
Length of Heat Exchanger L 0.15-1 m
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Figure 2. The effectiveness of the training process of ANN architectures (a), and basic structural topology of an MLP

network.

Table 2. Details of the estimated data for both ANN models

Data Number Number of Neuron
Training Validation Test Total
for Heat Transfer Coefficient 9702 2079 2079 13860 10
for Pressure Drop 9702 2079 2079 13860 10
N 5 RESULTS AND DISCUSSION
Z (XCalc(i) - XANN(i) )

1-= (16)

N

Z (XCalc(i) )2

i=1

The MoD values, which show how far off the predicted
values are from the target values using the ANN, are also
calculated and looked at with the performance parameters.
These numbers show how far off the predicted values are
from the target values. The accurate method utilized to find
the MoD is shown below:

(17)

Cale

MoD(%) = [M} x100

This study employs theoretical calculations to deter-
mine the heat transfer coefficient and pressure drop of a
plate-compact heat exchanger. The design parameters
considered include the air flow rate (ranging from 1 to 4
kg/s), inlet air temperature (ranging from 300 to 350 K),
outlet air temperature (ranging from 400 to 450 K), pas-
sage width (ranging from 0.003 to 0.05 m), divider width
(ranging from 0.001 to 0.005 m), and heat exchanger length
(ranging from 0.15 to 1 m). The calculations are done at
normal atmospheric pressure (101325 Pa). To research
used the Levenberg-Marquardt artificial neural network
technique to examine heat transfer coefficients in compact
heat exchangers. Neither the theoretical nor the ANN study
includes further experimental studies since the calculated
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values are derived from a curve that accurately represents
the experimental data of Kays and London [18].

Figure 3 shows how the total HTC changes based on
different design parameters of small HEXs. Figure 3(a) dis-
plays the variation in HTC based on various HEX lengths
ranging from 0.003 to 0.04 m and the width of the divider.
The input and output air temperatures in the diagram
are 300 K and 400 K, correspondingly, when figuring out
the HTC. The air flow rate is 1 kg/s, and the length of the
HEX is 1 m. Figure 3(a) shows that when the divider width
grows, the HTC increases for all channel widths. The HTC
increases by around 27.9% when the width of passages
triples and by about 57.7% when the width of passages
increases tenfold, as seen in the figure. A rise in the width
of channels consequences in a growth in the heat transfer
surface area, although this rise is not proportionate.

Figure 3(b) displays the change in the HTC value of the
plate compact HEX based on the divider width and air mass
flow rate parameters. The figure illustrates that the HTC
value increases as the width of the divider value grows for
all air mass flow rate values. For an air mass flow rate of 1
kg/s, the HTC value increases by 4.8%, 11.9%, 18.9%, and
26.1% when the width of the divider value increases by 2,
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3,4, and 5 times, respectively, as shown in the figure. When
analyzing this perspective with an airflow rate of 3 kg/s, the
rise rates are 7.2%, 14.3%, 21.7%, and 28.4%, respectively.
At high mass flow rates, the HTC value grows more rap-
idly with the increase in the divider width. As the air flow
rate increases, the HTC value rises. The figure shows that
the HTC increases by an average of 51.3% with a doubling
of the mass flow rate and by about 93% with a tripling of
the mass flow rate. In compact HEXs, there is no direct
relationship between mass flow rate and HTC. Figure 3(c)
shows the change in HTC value for a plate compact HEX
based on the divider width and average air temperature.
The figure displays that the HTC value rises as the divider’s
breadth increases. At an average air temperature of 350 K,
the HTC value increases by 4.8%, 11.9%, 19.2%, and 26.1%
when the width of the divider value increases by 2, 3, 4, and
5 times. For an average temperature of 400 K, these val-
ues are 4.3%, 9.1%, 15.9%, and 22.7%, respectively. Higher
temperatures result in slightly greater increases in the HTC
compared to lower temperatures. As the average air tem-
perature increases, the HTC value naturally increases. With
a divider width of 0.001 m, the maximum HTC increases by
7.9%, compared to an increase of roughly 5% with a divider
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Figure 3. Heat transfer coefficient variation with respect to a) length of heat exchanger, b) mass flow rate, c) average tem-

perature, and, d) width of passages for secondary fluid.
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width of 0.005 m. An increase in the average temperature
of compact HEXs with larger heat transfer areas leads to a
gradual rise in the HTC at a slower rate.

Figure 3(d) shows how the HTC value of the plate com-
pact HEX changes when the passageways are wider or the
HEX is longer. When creating the figure, the divider width
is 0.001 m, the air input temperature is 300K, the air exit
temperature is 400K, and the air flow rate is 1 kg/s. The
graphic illustrates that as the length of the compact HEX
rises, the HTC value falls. With a passage width of 0.003
m, the HTC decreases by 80.2% when the exchanger length
is raised from 0.15 m to 1 m. For a passage width of 0.05
m, this decline reduces to 53.8%. Increasing the length of
the exchanger in wider channels results in a less signifi-
cant decrease in the HTC value. The figure indicates that
increasing the channel width while keeping the exchanger
length constant leads to a higher HTC value. For a 1 m
exchanger length, the HTC increases by factors of 2.7, 6.8,
and 12.9 with a 3, 6, and 9-fold increase in passage length.
For a 0.15 m exchanger length, these values are 1.9, 3.77,
and 6.33 times, respectively. It has been discovered that the
HTC diminishes as the route lengthens in exchangers with
shorter dimensions.
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Figure 4 shows how the divider width, mass flow rate,
average temperature, passageway width, and exchanger
length all affect the pressure loss in a compact HEX. Figure
4(a) illustrates the relationship between pressure loss in a
compact HEX and the dimensions of the divider and pas-
sageways. The diagram is determined using the follow-
ing parameters: input air temperature of 300K, output air
temperature of 400K, exchanger length of 0.15m, and air
flow rate of 1 kg/s. The figure illustrates that pressure loss
rises as the width of the divider and channels grows. For
a passage width of 0.003 m, the pressure loss increases by
1.18, 1.38, 1.59, and 1.80 times when the divider thickness
increases by 2, 3, 4, and 5 times. For a divider width of 0.04
m, these ratios are 1.06, 1.14, 1.21, and 1.28, respectively.
It was noted that the rate of rise diminished as the passage
width expanded.

Figure 4(b) illustrates the relationship between pressure
loss in the compact HEX and the width of the divider, as
well as the air mass flow rate values. The divider width was
set at a constant value of 0.001 m, while the passage width
was maintained at a constant value of 0.003 m during the
figure construction. The graphic illustrates that the pressure
loss of the compact HEX rises as the width of the divider
value grows. For an air flow rate of 1 kg/s, the pressure loss

. = m=1 kgis
1200 4 ! = m=15kgls
—*—m=2 kg/s
1000 d * m=25kgy's
= —e—-m=3 kg/s
L o -+
@ 800 >
o o -
e > -
2 600 o -
g = *
o kT
400 ¢ - ]
e -
2004 = - -me-eooE
n------ "7
T T T T T
0.001 0.002 0.003 0.004 0.005

Width of Divider (m)

b)

1200

1000 H
& 800
o
g
2 oo
[
>
w
(04
O 400 -
a L

x,
200 4 . T
n -
L3 .
U T 1 . T T T T T
0.00 0.01 0.02 0.03 0.04 0.05
Width of Passages for Secondary Fluid (m)

d)

Figure 4. pressure drop variation with respect to a) length of heat exchanger, b) mass flow rate, c) average temperature,
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increases by factors of 1.05, 1.12, 1.19, and 1.26 as the width
of the divider is increased by 2, 3, 4, and 5 times, respec-
tively. When the air flow rate is 3 kg/s, the pressure loss
factors are 1.07, 1.14, 1.22, and 1.28 for the same increases
in divider width. It is found that growth rates rise propor-
tionally with an increase in air flow rate. The pressure loss
change due to mass flow rate was computed as 1.25, 1.48,
1.70, and 1.89 times for a 0.001 m divider width and as 1.27,
1.51, 1.72, and 1.93 times for a 0.005 m divider width. It has
been found that the pressure loss increases more signifi-
cantly with larger dimensions of the divider width.

Figure 4(c) depicts the relationship between pressure
loss in the compact HEX and the average air temperature
across the divider’s breadth. The figure was created with a
constant air mass flow rate of 1 kg/s, an exchanger length

of 1 m, and a passage width of 0.003 m. The figure illus-
trates that pressure loss rises as the width of the divider
and the average temperature value increase. At an average
air temperature of 350 K, the pressure loss value increases
by factors of 1.18, 1.39, 1.59, and 1.80 as the width of the
divider value increases by 2, 3, 4, and 5 times. When the
average temperature is 400 K, these values change to 1.18,
1.38, 1.58, and 1.79 times, respectively. Changes in the aver-
age air temperature cause the pressure loss values for aver-
age air temperatures of 350 K and 400 K to go up by the
same amount. For a divider width of 0.001 m, the pressure
loss goes up by 1.04, 1.08, 1.13, 1.17, and 1.22 at different
temperatures. For a divider width of 0.005 m, the pressure
loss goes up by 1.04, 1.08, 1.12, 1.17, and 1.21 at different
temperatures. The consequences display that changing the
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Figure 5. The training performance of the ANN model in model for (a) heat transfer coefficient, (b) pressure drop.
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width of the divider has slight outcome on the AP when the
average temperature stays the same.

Figure 4(d) displays the pressure loss value variation
in the compact HEX based on the width of the channel
and the exchanger length. When designing this figure, the
divider width was maintained at a constant value of 0.001
m, with an air input temperature of 300 K, an air output
temperature of 400 K, and an air flow rate of 1 kg/s. The
figure demonstrates that the pressure loss goes up as the
channel gets wider and the exchanger length value goes
down. The pressure loss values for passage widths of 0.015,
0.03, and 0.045 m increased by 1.98 and 3.32 times when
the exchanger length was 0.15 mm. When the exchanger
length was 1 m, they increased by 2.53 and 4.75 times. The
results show that the pressure loss increases as the length of
the exchanger increases, especially when the width of the
passage changes.

Error Histogram with 20 Bins

4000

3000

Instances

2000

1000

0 — ~ o~ <
o0 wy oo ~~ (=2}
el - o=
l L [=S

T

Errors = Targets - Qutputs

(a)
Error Histogram with 20 Bins
4000 -
3000 -
8
g
£2000
1000 -
% & 3
(‘TI o
Errors = Targets - Outputs
(b)

It was determined whether the training stage of the ANN
structure was carried out appropriately by analyzing the
training performance. The outcomes of the ANN training
are illustrated in Figure 5(a) for HTC and in Figure 5(b) for
AP, respectively. In spite of initially large MSEs throughout
training the ANN architecture, they shrank with time. An
epoch in MLP networks is a cycle in which data is directed
after the output layer to the input layer to lower the number
of errors. The MLP method that use this study are named
feed-forward backpropagation (FF-BP) NN methods. The
HTC model finished training afterward epoch 793, and the
AP model finished later epoch 1000. The MSE values went
down with each stage of training, validation, and testing.
Figure 5 shows that the NN has finished its training. When
training an ANN, it is important to look at the error his-
tograms, which show the differences among the modeled
and real results, to figure out where the training errors are
coming from.

I Training
[EValidation|
EETest

Zero Error]|

Zero Error

Figure 6. Error histogram for ANN model for a) heat transfer coefficient, and b) pressure drop.
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The error histogram of the ANN model is shown in
Figure 6. When we looked at the error histogram, we saw
that the estimated error data for all three values were very
near to the yellow line, which meant that there was no inac-
curacy. Also, there are very few mistakes in the abscissa.
The error histogram for the ANN model shows that the NN
study’s training stage was done correctly, with only a few
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Figure 7. Target and prediction values in ANN model for
(a) heat transfer coefficient, and (b) pressure drop

mistakes. The MSE for heat transfer and AP was -0.1787
and 3.988, respectively. The results show that the ANN’s
training stage, which was meant to predict the heat transfer
and AP values, went perfectly.

Figure 7(a)-(b) displays target and estimated mea-
surements for two scenarios involving HTC and AP. The
goals are on the x-axis, and the ANN predictions are on
the y-axis. The data points for the two ANN models are
either very close to zero or on a straight line. The conse-
quences show that the data points have a margin of error of
plus or minus 10 percentage points. The figures show that
predicted values for HTC exceeding 200 W/m’K and AP
surpassing 5000 Pa are within +10 margins, whereas val-
ues below these thresholds are within +15 margins. Table 3
details the consequences of two separate ANN representa-
tions created to forecast NN values in numerous situations.
The MoD values calculated for ANN methods were found
to be very low.

Figure 8 shows the MoD values, which show how differ-
ent the ANN model-generated output values are from the
theoretical calculations. An examination of the 13860 gen-
erated data points indicates that the majority are situated
along the error line, in proximity to zero. This has become
clear as we've looked at the data. Because the MoD values
are so close to the line, which means 0% error, it means that
the differences between the values of HTC and AP that the
ANN and the theoretical data give are very small. It has
been found that the average MoD values for heat transfer
and AP are -0.003% and 0.0582%, respectively. The lowest
values for the given parameters are -0.13% and -0.189%,
and the highest values are 0.249% and 3.394%. The MoD
value analysis shows that the MLP NN that is used can
make very accurate predictions about the outputs of the
compact plate HEX. These results are obtained by analyzing
the MoD values.

A thorough error analysis of the ANN methods was
performed by calculating the variances among the method
results and the target data for each data point, as illustrated
in Figures 9a-b. Figure 9a illustrates the differences among
ANN outputs and the necessary HTC, while Figure 9b pres-
ents the AP. The deviations in HTC and AP productions
after the anticipated values are given in Figure 9. The fig-
ures show the minimum, maximum, and average values of
the target-prediction parameter for HTC are -10.01, 8.717,
and 0.00078, respectively. These numbers are -121.50,
96.74, and 0.0978 for AP. The outputs generated by four

Table 3. MoD values for both ANN models in heat transfer coefficient and pressure drop

MoD (%) MSE MAPE R
Min Max Ave
for Heat Transfer Coefficient  -0.13 0.249 -0.003 2.046 0.00746 0.999
for Pressure Drop -0.189 3.394 0.0582 173.85 0.02045 1
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Figure 8. The calculated MoD values for each data point in
ANN model for (a) heat transfer coefficient, and (b) pres-
sure drop.

distinct ANN models exhibit considerable similarity. The
Ministry of Defense and the deviation results show that the
two artificial neural network models can give neural net-
work values with moderate standard deviations.

The MAPE values for HTC and P are shown in Figure
10. The minimum, maximum, and average MAPE values
for the HTC parameter are 4.082E-07, 0.2495, and 0.00967,
respectively. For AP, the corresponding values are deter-
mined as 1.733E-06, 3.394, and 0.02535.

CONCLUSION

This study examines the efficiency of a plate-type com-
pact HEX in heat transfer and the pressure loss relative to

Figure 9. The differences between target values and ANN
outputs in ANN model for (a) heat transfer coefficient, and
(b) pressure drop.

its design specifications. It then looks at how those results
compare to those found using the Levenberg-Marquardt
artificial neural network method. To get the air inlet and
output temperatures to change while keeping the atmo-
spheric pressure and fin thickness the same, the designers
had to think about a lot of different things, like the air flow
rate, the width of the divider, the width of the route, and the
length of the compact heat exchanger. The study produced
the following results:

1. The study shows that the heat transfer coefficient in
heat exchangers goes up as the channel width and air
mass flow rate go up. On average, they go up by 51.3%
and 93%, respectively. The coefficient also increases
naturally with increasing air temperature, with a divider



J Ther Eng, Vol. 12, No. 2, pp. 595-609, March, 2026

607

o
w

o Mean Absolute Percentage Error
o

—~
o
Naog

w
)
1

Mean Absolute Percentage Error

(=]

o

w
o

™
o

—— Heat Transfer Coefficient

6000 8000 10000 12000 14000

Data Number

2000 4000

\— Pressure Drop

™~
o

_.
o

A
o

o
13,

o
[S)

2000 4000 6000 8000 10000 12000 14000
Data Number

(b)

Figure 10. Mean absolute percentage error in ANN model
for (a) heat transfer coefficient, and (b) pressure drop.

width of 0.001 m resulting in a 7.9% increase. Increasing
channel width while maintaining exchanger length
leads to higher heat transfer coefficient values.

The study reveals that increasing divider thickness leads
to higher pressure loss, but the rate of rise decreases
with passage width. Pressure drops factors increase
proportionally with air flow rate, with growth rates ris-
ing proportionally with divider width. Larger divider
width sizes make pressure loss worse. As the average
air temperature changes, the pressure drops more, and
the divider widths of 0.001 m and 0.005 m show similar
increases. But the width of the divider has little effect on
the drop in pressure.

3. The training phase of the ANN successfully estimated
heat transfer and pressure drop values, with MSE values
of -0.1787 and 3.988, respectively.

4. The study found that the predicted values for heat trans-
fer coefficient and pressure drop are within a +10 mar-
gin, while values below these thresholds are within a
+15 margin.

5. The MoD value analysis reveals that the MLP NN,
which is implemented, accurately predicts the outputs
of the compact plate heat exchanger, with average values
of -0.003% and 0.0582%.

6. The heat transfer coefficient parameter has MAPE val-
ues of 4.082E-07, 0.2495, and 0.00967, while the pres-
sure drop has MAPE values of 1.733E-06, 3.394, and
0.02535.

NOMENCLATURE

A Area [m?]

b Width of passages [m]

cp Specific heat [J/kg.K]

D Diameter [m]

DP  Pressure drop [Pa]

f Fanning friction factor

G Mass flux [kg/m?]

g Proportionality factor in Newton's second law

h Heat transfer coefficient [W/m?K]

ju Colburn factor

I Fin length [m]

m Fin effectiveness parameter

m Mass flow rate [kg/s]

n Efficiency

Nu  Nusselt number

p Fin pitch [m]

Pr Prandtl number

q Heat transfer capacity [W]

Re  Reynolds number

St Stanton number

T Temperature [K]

U Total heat transfer coefficient [W/m?K]

v Velocity [m/s]

X Data

é Width of divider [m]

Sf Fin thickness [m]

€ Effectiveness

o Ratio of the free flow area to the frontal area indices

Ave  Average

c cold

Calc  Calculated

f Front

f Fin

fr Frontal

h hot
h Hydraulic
in Inlet

max Maximum
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min  Minimum

0 Overall

out  Outlet

p Constant pressure

tot  Total

w Wall

Abbreviations

ANN  Artificial neural network

CFD  Computational fluid dynamics
CHE  Compact heat exchanger

GA Genetic algorithm

HEX  Heat exchanger

HTC  Heat transfer coefficient
MAPE Mean absolute percentage error
MLP  Multilayer perceptron

MoD  Margin of deviation

NN Neural network

MSE  Mean squared error

PCHE Printed circuit heat exchanger
PFHE Plate fin heat exchanger
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