ONLINE FIRST June 25, 2026

Computer Assisted Methods in Engineering and Science
*** https://doi.org/10.24423 /cames.2026.1847

Predicting Velocity and Pressure Distributions
in Cyclone Systems: A Novel Combined CFD-ANN
Approach

Ahmad Indra SISWANTARAY, Illa RiziaNizaY)»2)*,
Ridho IRWANSYAHY, Sulaksana PERMANA®, Fadil Naufal WaHASY,
Adi Syuriapi?' ¥, M. Hilman Gumelar SYAFEI): %)

1

Mechanical Engineering, Faculty of Engineering, Universitas Indonesia, Depok,
West Java, Indonesia

Mechanical Engineering, Faculty of Engineering and Industrial Technology,
Institut Teknologi Kalimantan, Balikpapan, Kalimantan Timur, Indonesia
Mechanical Engineering, Faculty of Industrial Technology, Universitas Gunadarma,
Depok, West Java, Indonesia

Mechanical Engineering, Politeknik Negeri Jakarta, Depok, West Java, Indonesia
%) Mechanical Engineering, Faculty of Engineering, Universitas Negeri Semarang,
Semarang, Jawa Tengah, Indonesia

2)

3)

4

* Corresponding Author: illa.rizianiza@ui.ac.id

This study uses computational fluid dynamics (CFD) with the k-¢ turbulence model and
an artificial neural network (ANN) to analyze cyclone flow. The results show that the
pressure drop rises from 0.90kPa to 6.54kPa for inlet velocities of 7m/s to 20m/s.
The ANN predicts the pressure drop with a 4.3% error. The CFD-ANN approach im-
proves insight into cyclone design.
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1. INTRODUCTION

Cyclone separators are critical unit operations in process industries for gas—
solid separation, offering high collection efficiency (>98 % for particles larger
than 5 um) [1], robustness [2], and low maintenance [3]. Their performance is
governed by the three-dimensional distributions of velocity and static pressure,
which dictate particle trajectories, vortex stability, and flow phenomena such as
vortex core precession [4].
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Recent advancements in cyclone separator research have increasingly relied
on high-fidelity CFD to resolve the strongly swirling and anisotropic turbu-
lent structures governing cyclone performance. SOLIMAN et al. [5] demonstrated
that streamlined inlet and outlet ports can substantially reshape the velocity
field and reduce energy losses, underscoring the sensitivity of cyclone hydrody-
namics to geometric refinements. Complementary large-eddy simulation (LES)
investigations by BRAR and RAHMANI [6] further revealed the strong influence
of operating temperature on vortex instability and the precessing vortex core,
indicating that thermally driven variations can fundamentally alter the pressure
and velocity distributions within the cyclone. In parallel, WASILEWSKI et al. [7]
showed that modifications to the central-rod geometry significantly affect sepa-
ration efficiency and pressure drop, emphasizing the nonlinear interplay between
geometric parameters and turbulent flow development. Additionally, PARVAZ
et al. [8] reported that changes in gas exhaust geometry markedly influence in-
ternal flow patterns, erosion behavior, and overall cyclone performance, further
illustrating how geometric perturbations propagate through the velocity and
pressure fields. Despite its accuracy, CFD remains computationally expensive
and impractical for rapid design or real-time prediction. These limitations mo-
tivate the development of hybrid CFD-ML (machine learning (ML)) approaches
capable of retaining physical fidelity while reducing computational burden, a di-
rection in which the present study advances the state of the art.

To mitigate these limitations, data-driven surrogate models and hybrid
CFD-ML approaches have gained traction. ANNs capture nonlinear relation-
ships and enable fast prediction once trained [9]. In cyclone applications, hybrid
models have successfully predicted scalar performance indicators, such as pres-
sure drop [10], cut-off diameter [11], collection efficiency under varying operating
conditions [12], and optimal geometric parameters [11]. However, these stud-
ies remain restricted to global or integrated quantities and do not reconstruct
the complete multicomponent velocity U, Uy, U, and pressure fields across the
entire domain. Physics-informed neural networks (PINNs) incorporate physi-
cal constraints but remain limited for representing highly anisotropic cyclone
flows [13], yet their application to highly anisotropic cyclone flows with strong
vortex breakdown and secondary circulations remains limited and computation-
ally distinct from those of pure data-driven surrogates.

This study introduces a novel ANN-based surrogate model that predicts the
full three-dimensional velocity and static pressure fields in a cyclone separa-
tor with a helical inlet, trained exclusively on high-fidelity CFD datasets. Un-
like previous hybrid approaches, the proposed model delivers spatially resolved,
multicomponent flow-field reconstruction with mesh-independent performance.
A systematic investigation evaluates data sampling strategies, training dataset
size, mesh-resolution effects, and extrapolation limits beyond the training enve-
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lope. This represents a purely data-driven ANN surrogate for full-field prediction
in cyclone systems, achieving millisecond-scale prediction time with CFD-level
accuracy. The developed framework offers a computationally efficient tool for
rapid design iteration, sensitivity analysis, and deeper insight into complex gas—
solid flow structures in industrial cyclones.

2. METHODS
2.1. CFD SIMULATION

CFD simulation of the cyclone was conducted under steady-state, isother-
mal, and turbulent conditions, using the k-¢ turbulence model. The steady-state
assumption implies that flow properties: velocity, pressure, and temperature do
not change over time. Although cyclone flows can exhibit unsteady and swirling
characteristics, steady-state simulations were chosen primarily to capture the
average flow patterns and pressure distribution efficiently while maintaining
computational feasibility. Transient simulations, although more physically ac-
curate, require significantly higher computational resources and may provide
limited additional insight for engineering design purposes, where time-averaged
flow characteristics are the main concern [14]. Steady-state CFD simulations
have been successfully applied in cyclone studies; for instance, MEzA et al. [15]
demonstrated that steady-state modeling can reliably predict mean flow pat-
terns and pressure drop in cyclone separators.

The flow within the cyclone is turbulent, and the k-¢ turbulence model is
widely used to simulate this behavior due to its robustness, computational ef-
ficiency, and reasonable accuracy in predicting mean flow quantities such as
pressure drop and separation efficiency. The standard k-&¢ model solves trans-
port equations for turbulent kinetic energy and its dissipation rate, effectively
capturing mean flow properties under turbulent conditions. More advanced mod-
els, such as Reynolds stress models (RSM) or LES, can capture anisotropic or
transient turbulence with higher accuracy but require substantially greater com-
putational effort and longer simulation times [16]. Steady-state simulations with
the k-& model are common in cyclone studies focused on design and performance
optimization and have shown good agreement with experimental data for pres-
sure drop and velocity distributions in such systems. This modeling approach
balances computational efficiency and reliability for industrial cyclone design
applications. The objectives of this study are to assess the influence of inlet ve-
locity on pressure drop and to generate training data for a CFD-ANN surrogate
model. For this purpose, the k-¢ model provides a practical balance between
accuracy and computational efficiency. Previous studies have shown that, for
particle-laden cyclone flows, the k-¢ model can reliably predict global flow be-
havior and pressure-drop trends, although it may underestimate local anisotropy
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or secondary flows [17]. The CFD results were validated against experimental
measurements. This validation confirmed that the selected model provides pre-
dictions with a reasonable error margin, making it suitable for engineering ap-
plications and ANN training. To systematically investigate the effect of varying
inlet velocity, four simulation schemes were defined, as shown in Table 1. This
approach allows a detailed analysis of the pressure and velocity distributions
within the cyclone and the connected helical pipe while maintaining computa-
tional efficiency.

TABLE 1. Simulation schemes with varying inlet velocities.

Scheme | Inlet 1 velocity [m/s] | Inlet 2 velocity [m/s]
1 7 1
2 10 1
3 13 1
4 20 1

2.2. BOUNDARY CONDITIONS

The following boundary conditions are given:

— Inlet 1 (exhaust gas from the internal combustion engine (ICE)): exhaust
gas enters through Inlet 1 at velocities of (7, 10, 13, and 20) m/s. This gas
carries particles that require separation.

— Inlet 2 (pyrolysis gas from reactor): Inlet 2 is utilized for the introduction
of pyrolysis gas generated by the pyrolysis reactor, which is maintained at
a constant velocity of 1m/s.

— Outlet 1 (cyclone gas): the cleaned gas that has been separated from the
particles exits through Outlet 1, which also serves as the exit point for
the gas leaving the cyclone.

— Outlet 2 (cyclone particles): particles separated from the gas are collected
and discharged through Outlet 2. This outlet is typically located at the
bottom of the cyclone to leverage gravitational forces in the removal of
the particles.

— Wall 1 (outer wall of the cyclone): this wall, which forms the outer bound-
ary of the cyclone, serves to contain the pressure of the gas and particles
within the apparatus.

— Wall 2 (inner wall): the inner wall at the top of the cyclone functions to
regulate the gas flow and assist in the separation process.

2.3. MESH INDEPENDENCY STUDY

A structured hexahedral mesh was used (Fig. 1). Hexahedral structured grids
have demonstrated advantages in numerous studies. However, the creation of
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F1G. 1. Hexahedral mesh with a zoomed-in view of the cyclone and helical regions.

these grids requires a manual process that consumes significant time and ef-
fort [18]. Using hexahedral meshing in CFD simulations offers several advantages
over other types of meshes, such as tetrahedral or polyhedral meshes. First, hex-
ahedral meshes often provide more accurate results due to their regular shape,
which allows for better definition of flow gradients. Additionally, hexahedral el-
ements tend to offer higher numerical stability, reducing numerical oscillations
and improving solution convergence, especially in complex problems [19]. Com-
putational efficiency is also a key advantage, as hexahedral meshes typically
require fewer elements to achieve a certain level of accuracy, thus reducing com-
putation time. While generating hexahedral meshes can be more challenging for
complex geometries, techniques such as domain decomposition can make this
process more efficient for specific problems. Furthermore, hexahedral meshes
can yield smoother and more representative solutions of the physical phenom-
ena being analyzed, with fewer voids that can enhance flow analysis and pressure
distribution. Lastly, applying boundary conditions is often easier with hexahe-
dral meshes due to the more structured nature of the elements, allowing for
better control over flow and environmental conditions. Therefore, hexahedral
meshing is often considered a superior choice when accuracy and efficiency are
prioritized in CFD simulations.

Figure 2 shows the relationship between cell number and pressure drop. In-
creasing the number of cells from 98322 to 270579 significantly increases the
predicted pressure drop, while beyond 270 579 cells, variations become marginal,
with values rising slightly from 1.76 kPa to 1.90 kPa at 339487 cells, indicating
convergence. Therefore, a mesh of approximately 270000 cells was selected, as
further refinement does not significantly improve accuracy but increases com-
putational cost.
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F1G. 2. Pressure drop versus cell count for the mesh independence test.

2.4. ANN MODEL

ANNSs have received increasing attention for their ability to capture nonlinear
flow—property relationships and reproduce CFD outputs at a fraction of the com-
putational cost [20]. Their use as surrogate models has been demonstrated across
various CFD applications, including hydrodynamics, multiphase flows, and ex-
ternal aerodynamics. For instance, DHAKANE et al. [21] employed a deep neural
network (DNN) to predict hydrodynamic parameters in bubble-column simula-
tions using inlet velocity and spatial coordinates as inputs, achieving R? > 0.97.
KAAK et al. [22] applied a CFD-ANN strategy to optimize plunger-valve perfor-
mance, while DIOP et al. [23] utilized a 21-layer ANN with 512 neurons per layer
to reconstruct wake dynamics behind a high-rise building using probe-based ve-
locity inputs. TIAN et al. [24] further demonstrated the predictive capability
of nested DNNs for wind pressure coefficients, obtaining correlation coefficients
above 0.996. Despite these developments, ANN-based surrogate modeling for
complex cyclone—helix geometries remains limited, particularly for reconstruct-
ing multicomponent velocity and static pressure fields. Motivated by this gap,
the present study develops a hybrid CFD-ANN surrogate trained directly on
high-fidelity CFD results to predict U,, Uy, U, and p at arbitrary spatial coor-
dinates within the cyclone domain (Fig. 3).

In this work, the ANN model takes as inputs the three inlet velocity compo-
nents Uy in, Uy,in, Uz in and the spatial coordinates z, y, z. The network outputs
are the corresponding local velocity components U, Uy, U, and static pressure p.
From the four CFD schemes, approximately 127 000 data points were exported;
these were randomly downsampled to ~30000 points to reduce computational
load while maintaining spatial representativeness (Fig. 4).
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Dataset preprocessing. Prior to training, the dataset underwent several
preprocessing steps:
(i) screening for missing entries, numerical spikes, or mesh-interpolation
artifactsmo data were removed since all CFD fields were converged and
physically consistent;

(ii) shuffling to eliminate ordering bias;
(iii) Min-Max normalization of all inputs and outputs to the [0, 1] range to
mitigate activation saturation and stabilize gradient descent;

(iv) an 80 %—10 %—10 % split into training, validation, and testing datasets.

Network architecture and hyperparameter tuning. The ANN uses
a fully connected feed-forward architecture with three hidden layers containing
128, 64, and 64 neurons, respectively. These layer sizes were determined through
empirical hyperparameter tuning using grid search and validation performance
to balance predictive accuracy and computational efficiency. Rectified linear unit
(ReLU) activation functions were employed in hidden layers, while the output
layer used linear activation for continuous outputs. The network was trained
using the Adam optimizer [25, 26] with a learning rate of 1 x 1072 and a batch
size of 256. These hyperparameters were chosen based on iterative experimen-
tation: smaller learning rates caused slower convergence, larger learning rates
destabilized training, and batch sizes smaller than 128 led to noisy gradient
updates. The model was trained for 500 epochs, with early stopping (patience
= 20 epochs) used to avoid overfitting. L2-regularization (A = 10~%) further
improved generalization.

Computational environment and reproducibility. All ANN model-
ing was implemented in Python using TensorFlow 2.20 and executed on an
Intel®Core™ i9-12900H (14-core, 20-thread) processor. The library versions,
hardware, and multithreading configuration are reported to ensure full repro-
ducibility.

Model evaluation. Performance was assessed using mean squared error
(MSE) and the coefficient of determination R?, as defined in Eqgs. (1) and (2),
to quantify both absolute prediction error and overall goodness-of-fit. Cross-
validation was performed by rotating the training, validation, and test sets to
confirm model robustness against dataset variations:

1 n
MSE = ﬁ Z (yactual,i - ypredicted,i)2 s (1)
i=1

n
Z (yactual,i - ypredicted,i)2
R2 -1 =1 . (2)

n
_ 2

(yactual,i - yactual)

i=1
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3. RESULTS AND DISCUSSION

3.1. SIMULATION

The static pressure distribution along the helical pipe, as shown in Fig. 5 and
quantified in Table 2, demonstrates that curvature-induced secondary flows and
wall shear are the primary contributors to total pressure loss. In case 1, the
inlet velocity at inlet 1 is 7m/s, resulting in a total pressure drop of 0.902 kPa
(~9.02mbar). The pressure declines sharply along the first helical turn, reflect-
ing the development of Dean vortices and enhanced wall friction. Case 2, with
a higher inlet velocity of 10m/s, produces a AP of 1.762kPa (~ 17.62 mbar),
showing more pronounced secondary flows and stronger turbulence dissipation.
Case 3, at 13m/s, exhibits a pressure drop of 2.888 kPa (~~28.88 mbar), while
case 4, with the highest inlet velocity of 20 m/s, generates the largest loss, AP =~
6.540kPa (~65.40 mbar). These results indicate that the helical pipe accounts
for the majority of system losses, and the pressure drop increases nonlinearly
with inlet velocity due to enhanced Dean vortex activity, curvature effects, and
turbulence amplification.

a) b) 3.56+0.00
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F1G. 5. Contours of static pressure [kPa] obtained from CFD simulations for four different inlet
velocity schemes: a) scheme 1, b) scheme 2, ¢) scheme 3, and d) scheme 4.

Static pressure

TABLE 2. Boundary condition.

Boundary condition Pressure drop
Scheme | Inlet 1 Inlet 2 Outlet 1 Outlet 2 Wall 1 Wall 2 [kPa]
[m/s] [m/s] [m/s] [m/s] [m/s] [m/s]
1 7 1 0 0 0 0 0.90245
2 10 1 0 0 0 0 1.76213
3 13 1 0 0 0 0 2.88804
4 20 1 0 0 0 0 6.53999
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Velocity contours within the cyclone, presented in Fig. 6, further reveal the
influence of inlet momentum on vortex formation. In case 1, the flow exhibits
peak velocities of 8-10m/s near the inlet, decaying to 1-2m/s at the vortex
core, indicative of incomplete swirl establishment. Case 2 demonstrates stronger
rotation, with high-velocity zones (~10-12m/s) near the cyclone walls and a sta-
bilized core (1-3m/s). In case 3, increased turbulence and wall friction reduce
the overall velocity to 2-5m/s, and in case 4, despite the highest inlet mo-
mentum, large regions of the cyclone experience velocities below 2m/s. This
demonstrates that turbulent dissipation dominates over convective transport at
high inlet velocities, leading to a counterintuitive reduction of effective swirl
velocity within the cyclone core.

)
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F1aG. 6. Contours of velocity magnitude [m/s] inside the cyclone obtained from CFD simulations
for four different inlet velocity schemes: a) scheme 1, b) scheme 2, ¢) scheme 3, and d) scheme 4.
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The static pressure field inside the cyclone, illustrated in Fig. 7, aligns
with the velocity trends. Case 1 exhibits a negative-pressure core (~—0.8 to
-1.0 mbar) with mildly positive wall pressures (+0.2 to +0.6 mbar), consistent
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F1c. 7. Contours of static pressure [kPa] inside the cyclone obtained from CFD simulations for
four different inlet velocity schemes: a) scheme 1, b) scheme 2, ¢) scheme 3, and d) scheme 4.

Static pressure
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with incipient swirl development. Case 2 forms a more distinct Rankine-type
vortex with wall pressures up to +1.2mbar. Case 3 shows stronger wall pres-
sure accumulation (up to +2.0mbar) and a moderately negative core (—0.2 to
—0.4mbar), reflecting a mature, energetic swirl. In case 4, the maximum wall
pressures exceed +2.5 mbar, while the core remains negative (—0.4 to —0.6 mbar),
indicating vortex compression and substantial turbulence production.

Integrating these observations, the pressure drop along the helical pipe clearly
increases with inlet velocity, ranging from 0.902kPa at 7m/s to 6.540kPa at
20 m/s, while the internal cyclone velocity may paradoxically decrease at higher
inlet momentum due to turbulence-dominated dissipation. The system transi-
tions from weak to fully developed swirl as inlet velocity increases, evidenced
by progressively stronger wall pressures and moderately negative core pressures.
These findings confirm that the helical pipe is the dominant contributor to total
pressure losses, particularly at high inlet velocities where curvature and tur-
bulence interact synergistically. For pyrolysis heat-recovery applications, inlet
velocities corresponding to case 3 or lower are recommended to maintain a sta-
ble swirl while avoiding excessive pressure penalties. These observed phenom-
ena — including Dean vortex formation, curvature-induced secondary flows, and
turbulence-dominated energy dissipation — are consistent with previous studies
on swirling flows in curved pipes and confined cyclones.

3.2. CFD-ANN

In this study, the architecture and topology parameters of the CFD-ANN
were determined using a hybrid method based on personal experience and a trial-
and-error approach. Several different CFD-ANN models were tested to meet
specific criteria, where all errors, measured as mean absolute errors (MAE) for
the training and validation datasets, had to be below 5 %. This criterion empha-
sizes the importance of achieving high accuracy in the proposed model. Table 3
illustrates the results of the CFD-ANN model analysis employing various config-

TABLE 3. CFD-ANN topology.

No| of hidden | of nerons| ACUYAtOR oo | Learning | Baich | MSE- | MSE-
layers per layer function rate size | training| validation
1 1 128 ReLU Adam 0.0001 16 0.3837 0.5313
2 1 64 ReLU Adam 0.0001 16 0.4627 0.5319
3 2 128-64 ReLU Adam 0.0001 16 0.1823 0.2391
4 2 64-32 ReLU Adam 0.0001 16 0.2433 0.3213
5 3 128-64-64 ReLU Adam 0.0001 16 0.0020 0.0019
6 3 128-64-32 ReLU Adam 0.0001 16 0.0033 0.0040
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urations of neural networks in an effort to optimize predictions. Each model was
evaluated based on several parameters, including the number of hidden layers,
the number of neurons per layer, activation function, optimization algorithm,
learning rate, batch size, and MSE for both training and validation datasets.
By assessing the resulting errors, the authors aimed to identify the most ef-
fective model configuration for capturing patterns in the data while maintain-
ing the ability to generalize well to previously unseen data. Key parameters in
this table include the number of hidden layers, which varied between one to three
layers and the number of neurons per layer, which also varied (128, 64, and 32).
All models utilized the ReLLU activation function, known for its ability to accel-
erate convergence during training. Additionally, all models employed the Adam
optimization algorithm with a learning rate of 0.0001 and a batch size of 16.
The use of these parameters was expected to yield optimal results in both the
training and validation processes.

The results of the analysis revealed that the model with a single hidden
layer and 128 neurons yielded an MSE of 0.3837 for the training data and an
MSE of 0.5313 for the validation data. This indicates that, although the model
was able to learn the training data adequately, its capacity to generalize to new
data was still limited. The second model, which used a single hidden layer with
64 neurons, exhibited worse results, with a training MSE of 0.4627 and a val-
idation MSE of 0.5319, suggesting that reducing the number of neurons could
potentially diminish the model’s ability to capture the necessary information.
In contrast, the model with two hidden layers (model 3) and a configuration of
128-64 neurons demonstrated a significant improvement, with a training MSE
of 0.1823 and a validation MSE of 0.2391. This suggests that the addition of
hidden layers can enhance the model’s ability to capture the complexity of the
data. The fourth model, which also employed two layers but with a configura-
tion of 64-32 neurons, showed lower performance with a higher validation MSE
of 0.3213, underscoring the importance of selecting an appropriate number of
neurons to ensure that the model possesses sufficient capacity. Models 5 and 6,
both utilizing three hidden layers, exhibited exceptional performance. Model 5,
with a configuration of 128-64-64, achieved remarkably low MSEs for both train-
ing (0.0020) and validation (0.0019), indicating outstanding generalization ca-
pability. Model 6, with a configuration of 128-64-32, also demonstrated good
performance, with a training MSE of 0.0033 and a validation MSE of 0.0040.
These results signify that deeper models with an appropriate combination of
neurons possess higher potential for learning and generalizing data, which is
crucial in CFD-ANN applications.

Figure 8 illustrates the training and validation loss of an ANN over 100 epochs.
Initially, both the training loss (blue line) and validation loss (orange line) are
relatively high, but they rapidly decrease within the first 10 epochs, indicating
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F1G. 8. Training and validation loss curves of the ANN.

that the model quickly learns to minimize error. After this steep decline, the
loss values for both training and validation stabilize and remain nearly con-
stant beyond 20 epochs. This suggests that the model has effectively converged
and that additional training does not significantly improve performance. Im-
portantly, the close alignment between the training and validation loss curves
indicates that the model is not overfitting; it performs well on both the training
data and unseen validation data. The final low-loss values reflect the model’s
strong ability to generalize to new data, demonstrating that it has learned the
underlying patterns effectively.

Figure 9 provides a comparative assessment between CFD ground-truth data
and ANN-predicted values for the velocity components U, U, U, and the static
pressure p along the helical pipe. The results show that the ANN exhibits ex-
cellent predictive performance for pressure, as indicated by the near-complete
overlap between predicted and actual values. This close agreement suggests that
the model effectively captures the dominant pressure gradient induced by ax-
ial flow, curvature effects, and the relatively smooth pressure field distribution,
which tends to be easier for data-driven models to learn and generalize. In
contrast, the ANN displays noticeably reduced accuracy for the velocity com-
ponents. Although the predicted Uy, Uy, and U, trends broadly follow the CFD
data, the model fails to reproduce sharp spatial gradients and local fluctuations.
Deviations become most evident in zones dominated by secondary flows, Dean
vortices, and curvature-driven acceleration — regions where the velocity field ex-
hibits strong nonlinearity and multiscale behavior typical of helical and rotating
passages.

These limitations can be explained by several factors. First, velocity fields
in helical geometries are highly sensitive to geometric curvature and centrifugal
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effects, making their distribution substantially more complex than the compar-
atively smoother pressure field. Second, the training dataset may insufficiently
represent high-gradient regions (e.g., near walls or vortex cores), causing the
ANN to underfit complex features while preferentially learning smoother re-
gions. Third, the fully connected architecture employed in this study may lack
the capacity to capture the multiscale nature of the fluctuating velocity field.

Such challenges are well documented in recent data-driven turbulence mod-
eling studies. BECK et al. [27] reported that while DNNs can perform effectively
as LES closure models, their ability to reconstruct fine-scale turbulence remains
limited without additional constraints or specialized architectures. Similarly,
PINNs, which integrate Navier—Stokes residuals into the learning process, have
shown improved physical consistency for velocity predictions by enforcing mass
and momentum conservation [28].

Several strategies may enhance the ANN’s predictive capability for velocity
components. Augmenting the training dataset with more samples from regions
exhibiting high gradients would allow the model to better learn complex motion
structures. Incorporating architectures that account for spatial correlations, such
as convolutional neural networks (CNNs), could improve the capture of coherent
flow patterns — an approach that has demonstrated success in data-driven urban
wind-flow prediction [29]. Furthermore, embedding physical constraints through
PINNs or energy-preserving neural frameworks may reduce non-physical arti-
facts and improve prediction robustness, as highlighted in recent developments
in physics-constrained turbulence modeling [30].

4. CONCLUSIONS

This study presented a hybrid CFD-ANN framework for predicting the full
three-dimensional velocity and static pressure fields in a cyclone separator with
a helical inlet. CFD simulations revealed that pressure drop along the helical
pipe increases nonlinearly with inlet velocity, ranging from 0.902 kPa at 7m/s to
6.540 kPa at 20 m/s, primarily due to curvature-induced secondary flows, Dean
vortex formation, and enhanced wall friction. Interestingly, the magnitude of ve-
locity within the cyclone exhibited a counterintuitive trend: although the inlet
momentum increased, turbulent dissipation and wall interactions reduced the ef-
fective core velocity, with peak velocities near the core decreasing to 1-2m/s at
the highest inlet speed. These findings illustrate the complex interplay between
swirl development, turbulence, and pressure evolution within confined swirling
flows. The ANN surrogate, trained on CFD-generated datasets, successfully re-
produced the pressure field with high fidelity, achieving near-perfect agreement
with CFD predictions and enabling rapid estimation of cyclone performance
within milliseconds. The velocity components were predicted with reasonable
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accuracy; however, high-gradient regions associated with secondary flows and
vortex cores remained challenging, highlighting the need for enriched datasets
or physics-informed enhancements for more precise flow reconstruction. Collec-
tively, the integrated CFD-ANN approach provides a computationally efficient
tool for rapid design iteration, performance optimization, and sensitivity ana-
lysis in cyclone systems. Practically, the results suggest that maintaining inlet
velocities corresponding to moderate operating conditions (e.g., 7-13m/s) can
balance swirl development and pressure drop, ensuring effective particle separa-
tion while limiting energy consumption. Future work may focus on incorporat-
ing additional geometric variations, particle-laden flows, and physics-constrained
machine-learning architectures to further enhance predictive capability and in-
dustrial applicability.
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