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This study presents a neuro-fuzzy inference system for predicting the
pressure loss in coiled flow inverter (CFI) tubes. Computational fluid
dynamics (CFD) simulations were conducted to obtain the amounts of
the pressure loss across nine distinct configurations of CFI. The neuro-
fuzzy model utilized three key input parameters of the Reynolds number
(Re), number of 90° bends (N), and tube-to-coil diameter ratio (L/D).
Following CFD validation, the dataset was partitioned into training
(two-thirds) and testing (one-third) subsets. The model achieved an
outstanding mean relative error (MRE) of 0.549%, demonstrating its
high predictive accuracy and reliability for the estimation of the
pressure loss in coiled flow inverter systems. These results highlight the
neuro-fuzzy approach as a suitable tool for optimizing CFI designs in
industrial applications. This study ultimately demonstrates how the
strategic combination of numerical simulation and machine learning
can accelerate development cycles while maintaining rigorous accuracy
standards, providing engineers with a powerful tool for system design
and optimization.
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1. Introduction

as effective solutions to enhance mixing

Liquid mixing is a fundamental operation in
petrochemical, chemical, and pharmaceutical
industries, but efficient liquid—liquid mixing at
the microscale remains a major challenge due
to laminar flow conditions. At low Reynolds
numbers, passive micromixers have emerged

without external energy input. Gande et al. [1]
reviewed various enhancement methods in
microfluidic systems, highlighting the passive
geometries such as coiled flow inverters
(CFls). Similarly, Kumar [2] demonstrated
that a 3D-rotated helical micromixer with
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microscale tubing improved mass transfer by
intensifying energy dissipation within compact
volumes. Other innovative designs, such as
what used in baffle-less oscillatory flow
reactors [3] and twisted tape inserts in coiled
flow reversers [4], further confirm the
importance of geometrical modifications in
generating secondary flows for enhanced
transport phenomena.

Among passive micromixers, the CFIl stands
out for its unique configuration of helically
coiled tubes with periodic 90° bends, which
generate alternating Dean vortices and near
plug-flow behavior. This geometry supports
methods ranging from nanoparticle synthesis
to viral inactivation. Recent advances in
additive manufacturing have facilitated the
precise and rapid fabrication of CFIs [5],
enabling their deployment in diverse contexts
such as CO, capture with amine solvents [6]
and biphasic reactions [7]. Furthermore,
numerical and experimental investigations
have demonstrated their strong performance in
thermal management [8], gas—liquid mixing
[9], and mass transfer—intensive processes [7].
Computational fluid dynamics (CFD) has been
instrumental in exploring and optimizing CFlI
designs. For instance, Barrera et al. [5]
combined CFD with 3D-printed prototypes to
optimize geometrical parameters for low-pH
viral  inactivation, achieving excellent
predictive accuracy. lzadi et al. [10] integrated
CFD with genetic algorithms to optimize the
production of biodiesel in CFls, producing
correlations for conversion efficiency and
friction factors. Similarly, Mansour et al. [11]
applied multi-objective genetic algorithms
with CFD to balance mixing efficiency and
resource cost across a range of operating
conditions. These studies underline the power
of CFD-based approaches for the detailed
hydrodynamic characterization and
performance optimization of CFlIs.

Beyond CFD, a recent research highlights the
promise  of  machine  learning in
complementing physics-based models.
Adaptive network-based fuzzy inference
systems (ANFIS) and related data-driven
approaches have been applied in a wide range
of chemical engineering problems, from heat
exchangers [12,13,14] and adsorption
processes [15,16] to microfluidic droplet
generation [17]. Their hybrid architecture,
combining neural network learning with fuzzy
inference, offers superior predictive accuracy
and interpretability compared to the
characteristics of purely empirical or
mechanistic models [18-20]. In micromixing
contexts, lzadi et al. [21] employed both ANN
and ANFIS to predict segregation indices in
helically coiled microchannels, and achieved
strong accuracy with ANN, which slightly
outperformed ANFIS. Nevertheless, ANFIS
has consistently proven effective in handling
non-linear, multi-parameter systems where
classical correlations fall short.

Despite advancements in the CFI research, a
gap exists in high-precision, data-driven
models for predicting pressure loss, which is
critical for optimizing microfluidic system
designs and minimizing energy losses in
systems like heat exchangers and reactors.
This study addresses this gap by combining the
CFD simulations with an ANFIS model to
predict the pressure loss in CFls, offering a
novel, high-precision tool for the optimization
of the design that outperforms existing
methods. The CFD simulations were
employed to calculate pressure loss, and
provided detailed insights into fluid dynamics
within the CFI geometries. Additionally, an
ANFIS model was developed to predict
pressure loss by wusing the combined
capabilities of fuzzy logic and neural
networks.  The independent variables
considered in the CFI analysis included the
Reynolds number (Re), the coil length-to-
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diameter ratio (L/D), and the number of 90°
bends. These parameters were derived from
CFD simulation results and used as input data
for training and developing the predictive
models. This combined methodology enhances
the understanding of CFI hydrodynamics
while offering a suitable predictive tool for
optimizing their design and performance.
Unlike prior ANFIS applications in heat
exchanger design [12,13,14] or adsorption
modeling [15,16], this study is the first to apply
ANFIS to predict the pressure loss in coiled
flow inverters, leveraging CFD-derived
hydrodynamic data. While lzadi et al. [21]
used ANFIS for micromixing, which resulted
in an MRE of 1.14%, our model achieves a
superior MRE of 0.549% by focusing on
pressure loss, a critical parameter for the CFI
design, demonstrating enhanced precision and
applicability in microfluidic systems.

2. Methodology

In this research, the pressure loss for coiled
flow inverters was evaluated through a
combined approach utilizing computational
fluid dynamics and an adaptive neuro-fuzzy
inference system model. The CFD simulations
provided detailed hydrodynamic insights,
capturing the complex fluid flow behavior
within the CFI geometries, while the ANFIS
model was employed to predict pressure losses
with high accuracy by integrating fuzzy logic
and neural network capabilities. This hybrid
methodology allowed for the efficient
modeling of the complex flow dynamics in
CFls.

2.1. CFD modeling

The numerical simulations for this study were
carried out to investigate the complex flow
characteristics within the coiled flow inverters.
A comprehensive three-dimensional CFD
model was developed to accurately capture the

hydrodynamic behavior, including velocity
profiles, pressure distributions, and secondary
flow patterns induced by the CFI’s geometry.
The CFD simulations were conducted using
ANSYS FLUENT 17.2 to model the pressure
loss in nine CFl geometries. The
computational domain was discretized using
tetrahedral meshes generated in ANSYS
Meshing, with cell counts ranging from
117,282 to 1,850,316 (Table 2). A mesh
independence study ensured convergence with
an error criterion of <0.1% (Fig. 2). Boundary
conditions included a constant velocity inlet
(5-10 mL/min, Re = 2.5-5), no-slip walls, and
atmospheric pressure at the outlet. The laminar
flow model used the SIMPLE algorithm for
pressure-velocity coupling, with the second-
order upwind discretization for momentum
equations. Residuals below 1077 ensured
convergence.  All  relevant  geometric
parameters such as the coil diameter, tube
diameter, length, number of 90° bends, and
Reynolds number were carefully selected
within appropriate ranges to ensure realistic
and representative configurations, as detailed
in Table 1. As an example, the configuration of
CFI, with 15 bends and 4 caoils, is visually
represented in Figure 1, providing a clear
illustration of the geometric variation and
mesh geometry considered in the simulations.

Table 1.
Variation ranges of the key parameters in the
simulated CFls.

Parameter Range
Length (m) 0.35-5.66
Coil diameter (mm) 30
Tube diameter (mm) 3
No. of 90° bend 2,7,15
Reynolds number (Re) 25,355
Pressure loss (Pa) 225.6 —9214.2
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Figure 1. Schematic and computational mesh of a coiled flow inverter (CFI), with 15 bends and 4 coils,
illustrating key geometric parameters (the tube diameter, coil diameter, and bend angles) and the
tetrahedral mesh used for the CFD simulations.

2.1.1. Mesh geometry

The volume meshing was performed using a
tetrahedral mesh type to discretize the
computational domain of the CFls. To
guarantee the reliability and accuracy of the
computational results, a comprehensive mesh
independence analysis was performed to
confirm that the outcomes were not influenced
by the number of the control volumes used in
the simulations. This involved evaluating the
pressure drop across the CFls at various mesh
density levels, with a stringent error criterion
set at less than 0.1% to determine convergence.
For instance, in a configuration of the CFI with
3 bends and 4 coils, the pressure drop
stabilized at approximately 200,000 cells, as
illustrated in Figure 2, indicating that the
further refinement yielded negligible changes
in results. Table 2 provides a detailed summary
of the final cell counts for all nine CFI
geometries, ranging from 117,282 cells for the

simplest configuration (2 bends, 3 coils) to
1,850,316 cells for the most complex one (15
bends, 5 coils), reflecting the increased
computational demand due to the geometric
complexity with more bends and coils. This
mesh independence study aligns with the
validation case presented by Kumar et al. [22],
who investigated the pressure  drop
characteristics in a CFI at the flow rates of 58—
200 L/h. In this study, a representative CFI
geometry (3 bends, 4 coils) was tested under
laminar flow conditions (Re = 2.5-5). The
selected Reynolds number range ensures
consistency with the pressure drop data
validated by Kumar et al. [22], as summarized
in Table 3. This detailed approach confirmed
the efficiency of the CFD model and its
applicability to accurately predict the flow
behavior in CFlIs.



Izadi et al. / Iranian Journal of Chemical Engineering, Vol. 22, No. 3, 3-17, (2025)

366

W

(@]

SN
1

w

()]

N
L

358 -

Pressure drop (Pa)
w
D
o

356 -
A

354

0 50,000 100,000 150,000 200,000 250,000 300,000
Mesh Number

Figure 2. Mesh independence study for a CFI, with 3 bends and 4 coils, showing the pressure drop (Pa)
versus the cell number, with convergence achieved at approximately 200,000 cells (error <0.1%).

Table 2.
Cell numbers for various CFl geometries.
Geometry characterization Number of cells

2 bends and 3 coils 117282
2 bends and 4 coils 186080
2 bends and 5 coils 254877
7 bends and 3 coils 635045
7 bends and 4 coils 741699
7 bends and 5 coils 925158
15 bends and 3 coils 1116480
15 bends and 4 coils 1483398
15 bends and 5 coils 1850316

Table 3.
Validation of CFD with experimental data [22].

flow

2
ate AP (kgf/cm?) e(r(;oo)r
(L/hr)  simulation  experimental
58 0.081 0.078 2.5
100 0.138 0.142 1.45
150 0.273 0.283 2.56
200 0.434 0.441 1.38

2.1.2. Modelling strategy

Material properties were sourced from the
studies of Lopez-Guajardo et al. [23]. The flow
rates in the CFl geometries were calculated
using a steady-state laminar flow model. The

constant velocity inlet boundary condition,
coupled with the assumption of no-slip wall
and atmospheric pressure at the outlet, was
applied. The simulations targeted a laminar
flow regime with the Reynolds numbers
ranging from 2.5 to 5. The SIMPLE (Semi-
Implicit  Method  for  Pressure-Linked
Equations) procedure was used to couple
pressure and velocity fields. A second-order
upwind discretization scheme  was
implemented for momentum equations to
enhance numerical accuracy. Convergence
was achieved when the residual values for the
momentum and continuity equations fell
below 1077, ensuring reliable and precise
simulation results.

The CFD simulations were employed to
calculate the pressure drops across nine
distinct CFl geometries, with flow rates
varying between 5 to 10 mL/min, to capture a
range of laminar flow conditions. These
simulations provided detailed insights into the
hydrodynamic behavior within the CFls,
particularly the pressure losses influenced by
the geometric variations such as the number of
bends and coils.
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2.2. ANFIS model

The fuzzy logic theory has been successfully
applied to model complex nonlinear systems,
due to its ability to represent uncertainty and
approximate reasoning using if-then rules
[24]. However, designing fuzzy inference
systems (FIS) requires expertise to define
membership functions and fuzzy rules
optimally. To overcome this limitation, Jang
[25] proposed the Adaptive Neuro-Fuzzy
Inference  System (ANFIS), a hybrid
framework that integrates the transparent rule-
based reasoning of fuzzy logic with the
adaptive learning capabilities of neural
networks.

ANFIS employs the Takagi—Sugeno fuzzy
inference model [26], where fuzzy rules map
nonlinear input spaces into piecewise linear
outputs. This structure allows ANFIS to
approximate highly nonlinear systems while
retaining interpretability. A first-order Takagi-
Sugeno system can be represented by two
fuzzy rules with the following structure:

Rule 1: If (input 1 matches Al) and (input 2
matches B1), then output 1 = pix + quy + 1
1)
Rule 2: If (input 1 matches A2) and (input 2
matches B2), then output 2 = pox + q2y + 2
)
Here, x and y are input variables, A1, A2 and
B:, B> are fuzzy sets (with associated
membership  functions) for x and vy
respectively, and f1, f- are the output functions.
The parameters pi1, qi, r1 and pz, gz, rz are
constants determined during the training
process of the fuzzy model. These rules
combine fuzzy logic for input classification
with linear output functions to model complex,
non-linear systems.
The ANFIS structure comprises five layers,
each performing a distinct function in
transforming inputs to outputs through the

8

integration of fuzzy logic and neural network
concepts. Below is a detailed description of the
layers and the methodology used in this study:

Layer 1: Input Nodes (Fuzzification)

In the first layer, each node generates
membership values for the input variables
corresponding to the appropriate fuzzy sets
through MFs. For instance, the Gaussian
membership function (MF) is defined as:

1fx=q)
2\ o,
©

where x (or y) denotes the crisp input to node
I, with ¢; and o; being the center and spread
parameters of the Gaussian MFs respectively.
The fuzzy sets Ai and Bi are linguistic labels
(e.g., "low," "high") characterized by their
respective MFs, pai(x) and pei(y). These MFs
can take various forms, such as bell-shaped,
continuous, triangular, or trapezoidal,
depending on the system requirements. The
values in this layer, known as premise
parameters, define the shape of the
membership functions, and the layer generates
the membership values for each input variable.

1y, (X) = XD

Layer 2: Rule Nodes (the Calculation of
Firing Strength)

In Layer 2, the incoming membership grades
from the previous layer are combined through
multiplication to determine each rule's
activation strength. Each node produces a
normalized firing weight computed as:

Q2,i = Wi =pai(x). usi(y), fori=1,2

(4)
Here, pai(x) is the membership degree of input
X in fuzzy set Ai, and psi(y) is the membership
degree of input y in fuzzy set B;.
wai(x) is the degree to which input x satisfies
fuzzy set Ai. ugi(y) is the degree to which input
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y satisfies fuzzy set Bi. w; represents the
overall activation strength of rule i.

Layer 3: Normalization Nodes

The third layer normalizes each rule's
activation level by dividing its firing strength
by the total of all firing strengths:

i , fori=1,2

(%)
These normalized firing strengths, denoted as
w,, represent each rule's share in the total
outcome and are critical for ensuring the
balanced rule influence.

Layer 4: Defuzzification Nodes

In the fourth layer, every node calculates the
weighted influence of the i-th rule on the final
output by combining its normalized firing
strength with a first-order Takagi-Sugeno
function:

Q. =wif, =wi(px+qy+r), fori=12
(6)

where w, represents the normalized firing
strength from Layer 3, and pi, qi, and ri denote
the consequent parameters of the rule of the
linear output function fi. These parameters are
optimized during the training process to fit the
desired output.

Layer 5: Output Nodes (the Final Output)
The fifth layer aggregates the outputs of all
rules to produce the system's final result:

o Ziwifi

Qs,i —iZWifi —T
(7)
The ANFIS model contains two types of
parameters: premise parameters (e.g., Ci, ci in
the membership functions) and consequent
parameters (e.g., pi, i, ri in the output

functions). These are optimized during the
learning process through a hybrid approach
involving forward and backward passes.
During the forward pass, the consequent
parameters are estimated through least-squares
optimization, whereas the backward pass
adjusts the premise parameters via gradient
descent to reduce prediction error. This hybrid
learning process enables ANFIS to effectively
model complex, non-linear functions due to its
adaptable structure.

In this study, the ANFIS architecture is
constructed using the grid partitioning method,
which divides the input space into fuzzy
subregions. Each combination of input MFs
defines one fuzzy rule. Selecting the MF type
(triangular, trapezoidal, Gaussian, IT -shaped,
etc.) and the number of rules is done via
iterative testing to balance complexity and
accuracy.

3. Results and discussion

3.1. CFD modeling results

The pressure loss for coiled flow inverters
(CFIs) was obtained from the computational
fluid dynamics simulations across various
geometries within a Reynolds number range of
2.5-5, indicative of laminar flow conditions.
The pressure loss values for nine distinct
configurations of CFl, differing in the number
of 90° bends and coils, were plotted against the
Reynolds number in Figure 3. The results, as
shown in Figure 3, revealed that the pressure
loss increased with a higher number of 90°
bends due to the enhanced flow disruption and
secondary flow effects. The pressure loss
increased as the Reynolds number increased,
because the dominant factor, viscous shear
stress, scales linearly with flow velocity. Since
the Reynolds number is directly proportional
to velocity (Re = pVD/p), the higher Re leads
to greater velocity gradients near the wall,
resulting in the stronger viscous friction and
thus the higher pressure loss.
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Figure 3. Pressure loss variation with the Reynolds number for different CFI geometries.

The pressure loss was obtained from the CFD
simulations, validated, against experimental
data, by Kumar et al. [22], who investigated a
pilot-scale CFI used as a heat exchanger in a
liquid-liquid system. Their experimental setup
featured a helical coil within a shell, operating
at the flow rates of 58-200 L/h, which resulted
in the pressure drops ranging from 0.078 to
0.441 kgf/cm2. To ensure comparability, the
present study’s CFD simulations replicated
these conditions for a similar CFI geometry,
scaled to the flow rates of 5-10 mL/min
(corresponding to Re = 2.5-5). The simulated
pressure drops, such as 0.081 kgf/cm? at a flow
rate equivalent to 58 L/h, closely matched the
experimental value of 0.078 kgf/cm?, with an
average relative deviation (ARD) ranging from
1.38% to 2.56%. This close agreement,
detailed in Table 3, confirms the accuracy and
reliability of the CFD model in predicting the
pressure drop behavior across various flow
rates, validating its applicability for the CFI
design and optimization.

10

3.2. ANFIS modeling results

Due to the complex relationship between
geometric parameters and pressure losses in
CFlIs, an ANFIS model was developed to
represent the system. After validating the CFD
modeling process, 27 datasets corresponding
to CFls with different geometric dimensions
were generated. The dataset was randomly
split into two subsets: Training set (2/3 of the
data): used to train the ANFIS networks, and
Validation set (remaining 1/3): employed to
evaluate the performance of the model.

The ANFIS structures were optimized via a
trial-and-error approach, and a hybrid learning
algorithm fine-tuned the network parameters
to minimize prediction errors. Multiple ANFIS
architectures, with varying configurations of
membership  functions, were rigorously
evaluated through a systematic comparative
analysis.  Various ANFIS structures and
different membership  functions  were
evaluated, with the corresponding results
presented in Table 4. As shown, the 3.3.3
structure (three MFs for each input) with
Triangular function was selected as the
optimal configuration. To provide further
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clarity, several configurations of ANFIS were
systematically evaluated with different
numbers and types of membership functions
(Triangular, Trapezoidal, Gaussian, etc.).
Among these, the 3-3-3 architecture, with
Triangular MFs, yielded the lowest prediction
error (0.549%), outperforming other options
such as Gaussian and Generalized bell

functions. Although Gaussian MFs are often
preferred for their smoothness, in this dataset,
Triangular MFs offered a better trade-off
between accuracy and model simplicity, which
justifies their selection as the final
configuration.

Table 4.

Error values (%) of different ANFIS architectures.
Structure No. of No. of MF type

number MFs frlljjzlg Triangular  Trapezoidal Genﬁz:lzed Gaussian Cc;g?;giz;trl]on shlr;lp_e q

1 2.2.2 8 2.034 1.071 1.479 1.424 0.834 1.321
2 3.2.2 12 1.333 1.054 1.113 0.793 1.149 2.049
3 2.3.2 12 1.727 2.155 0.801 0.984 1.485 2.076
4 2.2.3 12 0.916 2.079 1.972 2.081 2.145 2.195
5 2.3.3 18 1.785 4.127 1.963 2.465 2.045 3.339
6 3.23 18 0.953 2.208 1.690 1.770 1.957 2.249
7 3.3.2 18 2,777 4.655 2.901 1.748 5.776 2.972
8 3.33 27 0.549 2.965 1.998 4.167 1.415 2.751
9 433 36 0.670 2.965 2.039 3.943 1.429 2.751
10 343 36 0.611 1.342 1.245 4.551 1.276 2.134
11 334 36 1.642 3.876 0.912 1.326 0.923 1.876
12 344 48 0.723 2.115 2.187 0.875 2.314 3.112
13 434 48 2.195 4.209 1.754 3.214 1.687 2.563
14 443 48 0.884 1.753 2.463 2.689 3.452 2.987

A Triangular membership function is defined
as follows:

ifx<aorx=>c
ifa<x<bh

X
|
Q

pa(x) =

7Y
SRS

ifb<x<c

i
Q

(@)
where a represents the minimum boundary, b
denotes the maximum boundary, and c
corresponds to the central (peak) value. Table
5 presents the parameters of the triangular
membership functions used in the fuzzy
system. These parameters determine the shape
and range of each fuzzy set, influencing how
input values are mapped to the degrees of
membership in the system.

Table 6 summarizes the optimized rule base of
the first-order Sugeno fuzzy inference system,
including the consequent (output) parameters
for each rule. Each rule follows the structure:
if (combination of input membership
functions) then (AP = linear function of
inputs).

The consequents are linear equations (AP = po
+ pixinput, + p2xinputz + psxinputs), where
coefficients (po, p1, P2, p3) were tuned during
training. Rules with AP = 0 represent
negligible or zero contribution under those
specific input conditions. The membership
functions (MF1, MF2, MF3) correspond to the
fuzzy partitions of each input variable, as
defined in the previous section.

11
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Table 5.
Parameters of Triangular membership functions.
Membership function N Re L/D
MF1 a -0.5 -0.5 -0.5
b -0.0009 -0.0038 -0.0183
C 0.4969 0.4838 0.4641
MF2 a 0 -0.0078 -0.0026
b 0.4991 0.4963 0.4705
c 0.9929 0.9988 0.9849
MF3 a 0.5 0.5 0.4947
b 1 1 0.9888
C 1.5 15 15

Table 6.
Optimized first-order Sugeno fuzzy rules and their consequent parameters for the prediction of AP.

Rule

Rule description
number P

if (inputl = MF1) and (input2 = MF1) and (input3 = MF1) thus (AP = 0.0008205 +
0.0009549xinputl + 0.04177xinput2 - 0.001115%input3)

if (inputl = MF1) and (input2 = MF1) and (input3 = MF2) thus (AP = 0.01896 +
0.02125x%inputl + 0.03162xinput2 + 0.1598xinput3)

3 if (inputl = MF1) and (input2 = MF1) and (input3 = MF3) thus (AP = 0)

if (inputl = MF1) and (input2 = MF2) and (input3 = MF1) thus (AP = 1.281x10° +
0.004493xinputl + 0.06382xinput2 + 0.01118xinput3)

if (inputl = MF1) and (input2 = MF2) and (input3 = MF2) thus (AP = 0.02537 +
0.09999xinputl + 0.05182xinput2 + 0.2516xinput3)

6 if (inputl = MF1) and (input2 = MF2) and (input3 = MF3) thus (AP = 0)

if (inputl = MF1) and (input2 = MF3) and (input3 = MF1) thus (AP = 0.001197 +
0.01093xinputl + 0.054xinput2 + 0.01093xinput3)

if (inputl = MF1) and (input2 = MF3) and (input3 = MF2) thus (AP = 0.02324 +
0.1828xinputl + 0.02973xinput2 + 0.1828xinput3)

9 if (inputl = MF1) and (input2 = MF3) and (input3 = MF3) thus (AP = 0)

if (inputl = MF2) and (input2 = MF1) and (input3 = MF1) thus (AP = 0.002804 +
0.005284xinput2 + 0.007289x%input3)

if (inputl = MF2) and (input2 = MF1) and (input3 = MF2) thus (AP = 0.06478 +
0.019xinputl + 0.07294xinput2 + 0.1684xinput3)

12 if (inputl = MF2) and (input2 = MF1) and (input3 = MF3) thus (AP = 0)

if (inputl = MF2) and (input2 = MF2) and (input3 = MF1) thus (AP = 4.378x107° +
8.252x10°xinput2 + 0.0001138xinput3)

if (inputl = MF2) and (input2 = MF2) and (input3 = MF2) thus (AP = 0.08668 +
0.08939x%inputl + 0.105xinput2 + 0.2254%input3)

15 if (inputl = MF2) and (input2 = MF2) and (input3 = MF3) thus (AP = 0)

if (inputl = MF2) and (input2 = MF3) and (input3 = MF1) thus (AP = 0.004092 +
0.01064xinputl + 0.01154xinput2 + 0.01064%input3)

1

10

11

13

14

16

12
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if (inputl = MF2) and (input2 = MF3) and (input3 = MF2) thus (AP = 0.0794 +

17 0.2064xinputl + 0.08402xinput2 + 0.2064xinput3)

18 if (inputl = MF2) and (input2 = MF3) and (input3 = MF3) thus (AP = 0)

19 if (inputl = MF3) and (input2 = MF1) and (input3 = MF1) thus (AP = 0)

20 if (inputl = MF3) and (input2 = MF1) and (input3 = MF2) thus (AP = 0.1032 +
0.01207xinputl + 0.08044xinput2 + 0.1032xinput3)

21 if (inputl = MF3) and (input2 = MF1) and (input3 = MF3) thus (AP = 0.1654 +
0.02078xinputl + 0.1325xinput2 + 0.1654x%input3)

22 if (inputl = MF3) and (input2 = MF2) and (input3 = MF1) thus (AP = 0)

23 if (inputl = MF3) and (input2 = MF2) and (input3 = MF2) thus (AP = 0.1432 +
0.05682xinputl + 0.1087xinput2 + 0.1432xinput3)

24 if (inputl = MF3) and (input2 = MF2) and (input3 = MF3) thus (AP = 0.2463 +
0.0978xinputl + 0.2039%input2 + 0.2463xinput3)

25 if (inputl = MF3) and (input2 = MF3) and (input3 = MF1) thus (AP = 0)

26 if (inputl = MF3) and (input2 = MF3) and (input3 = MF2) thus (AP = 0.1535 +
0.1535xinputl + 0.08357xinput2 + 0.1535xinput3)

97 if (inputl = MF3) and (input2 = MF3) and (input3 = MF3) thus (AP = 0.252 + 0.252xinput1

+ 0.2441xinput2 + 0.252xinput3)

Table 7 presents a comprehensive comparison
between the CFD-validated pressure loss (AP)
data and the predictions of the ANFIS model,
categorized by the data type (training/testing).
The dataset spans varying Reynolds numbers
(Re) and dimensionless lengths (L/D),
covering a wide range of flow conditions. The
ANFIS model demonstrates high accuracy,
with an overall prediction error of 0.549% and
atesterror of 1.846%, confirming its reliability
for the estimation of AP.

Table 7.

The test data error of below 2% highlights the
ANFIS model’s capability to replicate CFD-
derived AP  values  while offering
computational efficiency. Discrepancies in test
data likely arise from the localized flow
complexities not fully captured during
training, yet the model’s adherence to trends
(e.g., rising AP with Re and L/D) confirms its
physical consistency.

Evaluation of the performance of the ANFIS-predicted AP against CFD-validated data, including the mean
relative error (MRE) percentages for training and test subsets. Data types were randomly split to ensure

unbiased validation.

AP (Pa)
N Re L/D
ANFIS Data Type MRE (%)
2 2.5 149.2 225.6 225.6 Train 0.0014
2 3.5 149.2 342.7 334.0 Test 2.5518
2 5 149.2 439.7 439.7 Train 0.0034
2 2.5 236.7 364.2 366.5 Test 0.6181
2 3.5 236.7 556.8 556.8 Train 0.0074
2 5 236.7 725.6 725.6 Train 0.0017
2 2.5 324.2 506.2 506.2 Train 0.0028
2 3.5 324.2 778.3 778.3 Train 0.0031
2 5 324.2 1025.8 1009.0 Test 1.6333
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7 25 710.0 1287.0
7 35 710.0 1813.2
7 5 710.0 2565.3
7 25 943.3 17325
7 3.5 943.3 24458
7 5 943.3 3469.5
7 2.5 1176.7 2188.3
7 35 1176.7 3095.6
7 5 1176.7 4406.5
15 25 1420.0 2665.8
15 3.5 1420.0 3785.2
15 5 1420.0 5400.8
15 2.5 1886.7 3579.3
15 35 1886.7 5089.3
15 5 1886.7 7265.3
15 25 2353.3 4496.5
15 3.5 2353.3 6421.8
15 5 2353.3 9214.2

1287.0 Train 0.0038
1756.2 Test 3.1409
2565.3 Train 0.0007
1732.5 Train 0.0002
2418.7 Test 1.1060
3469.4 Train 0.0023
2188.2 Train 0.0038
3095.5 Train 0.0031
4371.3 Test 0.7983
2752.7 Test 3.2606
3785.1 Train 0.0027
5400.7 Train 0.0024
3579.3 Train 0.0011
5089.2 Train 0.0016
7265.1 Train 0.0023
4422.0 Test 1.6558
6421.7 Train 0.0021
9214.0 Train 0.0022

The ANFIS model’s

MRE of 0.549%

conditions (Re

= 2.5-5). This approach

surpasses those of ANN (0.83% in [21]) and
RSM (>1% in [16]), due to its ability to
combine the interpretability of fuzzy logic
with the learning capacity of neural networks.
However, limitations include the dependency
on high-quality CFD data and potential
overfitting with only 27 data points, which
may limit generalization to untested flow
regimes. Future work should incorporate
experimental validation to mitigate these risks.

4. Conclusion

This study presents an  appropriate
methodology combining the CFD simulations
and ANFIS modeling to predict the pressure
loss in coiled flow inverters, effectively
bridging the high-fidelity numerical analysis
with the efficient data-driven prediction. The
CFD  simulations,  validated  against
experimental data  (showing  <2.56%
deviation), served as a reliable and cost-
effective alternative to extensive laboratory
testings, generating comprehensive training
data across multiple geometries and flow

14

significantly reduced the time and resources
typically required for the experimental data
collection while ensuring physical accuracy.
The developed ANFIS model, featuring an
optimized 3-3-3 architecture with triangular
MFs, demonstrated exceptional predictive
performance with the errors of 0.549% for
training data and 1.846% for testing data. More
importantly, the model successfully captured
the underlying physics of flow phenomena,
including viscous effects and secondary flows,
while maintaining computational efficiency
for real-time applications. The strong
agreement between CFD-derived data and
ANFIS predictions validates this hybrid
approach as an effective solution for
engineering challenges, where experimental
studies would be expensive or time-
consuming.

While focused on laminar flow regimes, the
established framework offers a transferable
foundation for extending this approach to more
complex flow conditions. Future works could
incorporate  the  limited experimental
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validation at critical operating points to further

strengthen the model's reliability.

Future works should focus on the experimental
validation of the ANFIS model under critical
operating conditions to enhance generalization.
Extending the model to turbulent flow regimes
and incorporating additional parameters (e.g.,
fluid properties) could further broaden its
applicability to diverse CFI applications.

Nomenclatures

a, b, c Triangular MF parameters (-)

D Coil diameter (m)

L Tube length (m)

L/D Length-to-diameter ratio (-)
Number of 90° bends (-)

p,q,r Sugeno model coefficients (-)

Re Reynolds number (-)

\ Flow velocity (m/s)

w Rule firing strength (-)

AP Pressure loss (Pa)

Greek Symbols

u Dynamic viscosity (Pa-s)

ta(X) Membership degree (-)

p Fluid density (kg/m?)

o Gaussian MF width (-)
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