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ABSTRACT: In this research, computational fluid dynamics method was used to investigate the effect
of geometrical parameters of rectangularsspiral channels on heat transfer coefficient. Two artificial
neural networks including=perceptron’ (MLP) and radial basis function (RBF) models were used
to model the heat transfer in helical channels. The model inputs included the Reynolds number and
geometric parameters of the channels, and outputswas the Nusselt number. 135 data were generated
by Computational Fluid Dynamics (CFD) simulation,and after validation were used for training and
evaluation of neural network models. The‘results of the research showed that the accuracy of MLP
was slightly higher than RBF, however; both models were acceptable. Due to the high and acceptable
accuracy of these two models, they can be well used in future tesearch and applications. In this research,
the main innovation is comparing two different methods for modelling the heat exchanger with a
rectangular helical channel. This research shows that thesuse of perceptron neural network and radial
basis function can both be effective in improving the performance andiefficiency of the heat exchanger.
This research can be used as a guide to choose the appropriate method for modeling heat exchangers and
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help to improve technologies related to this field.

1- Introduction

Heat exchangers are essential in industrial processes
for effective heat transfer between fluids. The rectangular
helical channel heat exchanger has gained popularity due to
its superior heat transfer performance and smaller size [1, 2].
It is widely used in industries needing precise temperature
control, such as chemical manufacturing, HVAC systems,
and the food industry. These exchangers feature large surface
areas for efficient thermal management. This study focuses on
modeling these exchangers using artificial neural networks to
predict their thermal performance, helping engineers optimize
design and efficiency in various applications. In recent
years, artificial intelligence techniques, particularly neural
networks, have gained traction in chemical engineering for
modelling complex relationships between variables [3-6].
Rinoso and colleagues [7] utilized artificial neural networks
to predict heat exchanger performance parameters, achieving
high accuracy and reduced computational time compared to
traditional methods, focusing on a cross-flow heat exchanger
and utilizing the Perceptron model.

This research compares Perceptron and Radial Basis
Function networks in modelling rectangular helical channel
heat exchangers, focusing on accuracy, efficiency, and
generalization.

*Corresponding author’s email: r.beigzadeh@uok.ac.ir

2¢Modelling by Computational Fluid Dynamics

The study examines the geometric dimensions of a
rectangular corrugated channel, featuring a 1 cm diameter
with tenturns and varying lengths (7, 10, and 13 cm) and bend
angles (10 to 90"degrees). A boundary layer mesh enhances
accuracy, with simulations using water and Reynolds
numbers‘between 20,000 and 60,000. Fluent software was
employed, ensuring/convergence with a minimum accuracy
of 871, Validatien‘against reference data confirmed simulation
reliability, while grid independence tests indicated that a
mesh size over 400,000 had minimal effects on results.

3- The Difference Between Perceptron and Radial Base
Neural Network

Radial basis and perceptron neural networks have
distinct characteristics that make them suitable for different
modelling scenarios. Perceptron/is bettef at complex pattern
recognition tasks.; But they may lack interpretability. On
the other hand, radial basis networks offer simplicity and
local modeling capabilities, but may not handle complex
relationships effectively. The choice betweenrthe two'depends
on the requirements of the particular problem and the trade-
off between interpretability and performance.
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Contours of Velocify Magnitude (mis)

Fig. 1. Veloeity distribution along channels with differ-
ent bending angles.

4- Results and Discussion

The purpose of this research is'to compare the performance
of two perceptron and radial basis neural metworks in
estimating the Nusselt number in a rectangular spiral‘channel
as a function of the geometric dimensions of the.channel. The
required data were created by computational fluid.dynamics
simulation and used for neural networkimodeling after
validation.

Figure 1 shows the velocity distribution for the examined
channel at a Reynolds number of 60,000 and bend'angles of
10, 50, and 90 degrees. As can be seen, at low angles, the
velocity gradient is very small, and as a result, the secondary
flow is also weak. Therefore, the curvature of the bends at
low angles has a significant effect on the non-realization or
dimming of the flow disturbance and the increase of heat
transfer.

From the total of 135 data obtained by computational
fluid dynamics simulation, seventy percent (95 data) were
considered for training two perceptron and radial basis neural
networks and thirty percent (40 data) were considered for
validating the models. Input data include Reynolds number
(Re), bend angle and channel straight length ratio. The
Nusselt number (Nu) was considered as the output variable.

Overfitting of the neural network model occurs when the
model has a high complexity (a large number of neurons) or
a small amount of training data is involved in the training
process. In this situation, the neural network is only able
to estimate the training data and the error of the validation
data increases greatly. In this regard, Table 5 reports the
error values for two trained neural networks for training and
validation data sets. The validation data were not involved
in the training process and the low error values for this set
confirm the correctness of the models.

5- Conclusions

This study employed two neural network models,
Perceptron and Radial Basis Function, to model heat transfer
in rectangular helical channels. The input variables included
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Table 1. Comparison of the accuracy of MLP and RBF

networks.
Model  Data Number of data MRE (%) MSE
MLP Training 95 0.196 0.319
Validation 40 0.334 1.085
All 135 0.237 0.546
RBF Training 95 0.29 0.776
Validation 40 0.361 1.094
All 135 0.311 0.872

Reynolds number and channel geometric parameters, while
the output variable represented the Nusselt number. Data for
the models were derived from computational fluid dynamics
simulations, with 135 simulation data points divided
into training (95 data) and evaluation (40 data) sets. The
Perceptron model is a multilayer neural network optimized
with a sigmoid activation function, capable of recognizing
complex patterns and providing high accuracy. The Radial
Basis Function architecture consists of a hidden layer with
Gaussian activation functions, where each group is defined
by a eenter and radius. Results indicated that both Perceptron
and Radial Basis Function models are suitable for modeling
heat transfer in rectangular corrugated channels, with the
Perceptron showing slightly higher accuracy, likely due to its
ability. to detect complex patterns and nonlinear interactions
among variables:, Overall, using neural networks for heat
transfer modeling in these channels yields high and acceptable
accuracy, effectively accommodating variations in input and
output parameters while automatically identifying patterns.
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Fig. 1. Géometric parameters of rectangular helical channel.
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Fig. 4. Nusselt number in terms of Reynolds number for-all simulated geometric dimensions.
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Fig. S. Error values for MLP network trained with different number of neurons in hidden layer.
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Fig. 6. Error values for RBF network trained with different number of neurons in hidden layer.
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Table 3. MLP neural network parameters.
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Table 4. RBF neural network parameters.

=-/AYY, bk=+/-A

Wi O
Re o/m L/X
\ \ N \
[+ <10 \ /0 A
\ . QN Y
a/YY: AN AN N ¥
Y-fIY \ \ \ A}
YY/fY \ \ \ 4
0%+ A QA \ N \
-0¥f-/a7 \ <IAYO . A
YAA <O \ <IVO . a
-7¥/IA . . N \e.
AR AN AR 10 AR
Rdldd . LAY /1B \Y
YANY . /1B \'Y
-YA/QN \ . \ V¥
-ya/vy \ «IAY \ \O
o F <10 . \#
AN <10 \ V'Y
-VAIYY AN . 10 A
YYIXY \ AR 14
AY/FY <10 < IAYO Y-
-\V/EY AN <IEYD \ Y
-\VY AN < IFY D P Y
FAIEY . AR N
-\ FviEY \ AN .
EAIVARY \ AR 10

AR

@
O



VAS B FAR dsmis V¥ Jlo d o)led DF 093 «yusS el CSilSlo pusiio 4y 23

w2l Al g yg w3 S 93 S8 du o .0 Joua

Table 5. Comparison of the accuracy of MLP and RBF networks.

MSE MRE (%) (Gdudwd Loools slass (Gdudwd J..\.o
/Y14 JARYS 3 10 3% RYJcY
VeAD YYE Lol ¥ s el
NN A a Js YO Js
YYE YA Shise] 10 sl bbb
VAR R Lol ¥ s el
JAVYS e Js YO Js
aylzel g bgel (clmodls dcgasto (gl oddodld y5jgel uas 48 )
Wz e b Bige] Kl ) myliie] slaodls uslord )l hy. = exp (Zf'z_ o ) ()
o
2 S o Wl 1y b Jae Cons degezme pl gl o ol polie o
o5 O 45d (Jy CasVl sl e 93 58 (e < ggeme
Clul dae jolio A 5V sl S5 0 cawlos S 1) T (6 5V s m
7= ZVVﬁXl +b} (V)
(sras 45b gl odd ot § Slawbre OVl Sl I Jol> =1
u.i).)).: lods ML&A W)Lu.cl 9 ‘_54»)}4] Lghzm)b ‘_g]); 39y 33
Gl Jdo sVl @8y sdimd LS jlopss ks 4 bla Susly, "
— i=1 VVﬁXi
AN (")
_ > w,
S 5 A -0 =

Sl 2led wl g gy (pas 4Sud Ao 93 (e ol

ool 5o b o3lial _Lse gele (sla JUIS 55 @yl JUis] (jlulae
JUS asin slagably 5 35y 336 Jals (53939 slaeite do oo
Siloded hgy e L ) Sl das (295 pite 9 Loy
odlazul 5L5 590 (slmodly 0l cawts (gl Sluwlxe SVl Suolod
(0303 ¥+) byl g (0315 20) Libseel (idu 95 (g5lwdns 0313 VWO
o Loy 45 el Y iy a4 S (9 yismt e w5
s oSl el S e o) 393 (5l Sr9eSs S

Jols sl 4l (gilaxe daly YL CEy 593 g 02l LS |,

vy

2909 Z; Ot ong 2 293 < Qlei s Y s ol 5
PS8 0 5 (g)5 » Sl ol 2U5 0 €l 0s05 2
oo 45,5 L3 Ko e adlln ) 348 il e
Jio o5 am30 g5 (Gloj smae &b S s> jlgle bl
higel sloosls Sl b (g9 5L 5 2hss) bl awslyfonl; (Sae
omas 48w sl i cpl 5> 5 03l atily 8 i bjgel Anld > S
mylie] claodls glas g 03g) (bjgal (slaodly pues WHE Ly

93 lp ks olie O Joa )3 Lly e 53 bl Gl Sy



Predicted

400
150 R?=10.9999

300 -

Predicted
[N}
i
(e}

200

150"

100

100 150 200 T%?get 300 350 400

s 33NN (g1 11 (39 paww WS (S iy B3 Y S

Fig. 7. Prediction accuracy of MLP network for training data.
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