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Abstract. Accurate and rapid assessment of turbulent flows in turbine working channels
remains one of the key challenges in computational gas and fluid dynamics, especially under
conditions of high demands on the efficiency and reliability of turbomachinery. Traditional
approaches, such as Reynolds-based simulation (RANS) or large eddy simulation (LES), although
providing acceptable accuracy, are associated with high computational resource and time costs.
This paper proposes an alternative approach based on the use of convolutional neural networks
(CNN) as a surrogate model for reproducing three-dimensional velocity and pressure fields in
turbulent flows. The developed architecture is based on a modified version of U-Net and adapted
for three-dimensional input data. A comparison with LES results showed that the proposed model
is capable of reproducing key flow characteristics, including vortex structure and pressure
gradients, with a high degree of accuracy. At the same time, a significant acceleration of
calculations is achieved — up to 10° times compared to classical numerical methods. The proposed
neural network model demonstrates stability to changes in geometric parameters and can be easily
reconfigured for other channel configurations. The results obtained highlight the potential of deep
learning in turbulent flow modelling and open up prospects for the integration of such models into
real-time engineering calculations.

Keywords: turbulent flow modeling, convolutional neural networks (CNN), U-Net
architecture, surrogate modeling, Large Eddy Simulation (LES), turbomachinery, data-driven
computational fluid dynamics (CFD).

Introduction.

Modelling turbulent flows remains one of the most challenging tasks in computational fluid
dynamics (CFD), especially in applications to turbomachinery, where flows are characterised by
complex geometries, high velocity gradients and strong three-dimensional unsteadiness. For
decades, Reynolds-averaged Navier-Stokes (RANS) equations, large eddy simulation (LES)
methods, and direct numerical simulation (DNS) have been the main simulation tools, but their
application is limited by high computational time, especially when scaling up to industrial scales.

The development of machine learning (ML) methods, and in particular deep convolutional
neural networks (CNN), has opened up new possibilities for building surrogate flow models. Such
approaches allow the accuracy of LES to be approximated while ensuring a significantly higher
prediction speed, which makes it possible to use them in digital twins, interactive visualisation and
multi-criteria optimisation of turbine components.
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This study proposes a modified architecture of a three-dimensional convolutional neural
network U-Net, trained on the results of LES simulations of turbulent flows in model turbine
channels. The model receives the initial velocity disturbance field as input and predicts the three-
dimensional distribution of velocity and pressure components in a steady-state approximation.
This approach eliminates the need to solve the Navier—Stokes equations in explicit form and
significantly reduces the calculation time.

The aim of this study is to develop and verify a highly efficient convolutional neural network
(CNN) for modelling three-dimensional turbulent flows in turbine channels, providing LES (Large
Eddy Simulation) accuracy at significantly lower computational costs. The model is intended for
use in numerical experiments, digital twins, and turbomachinery design optimisation.

The scientific novelty of this study lies in the development and application of a modified
architecture of a three-dimensional convolutional neural network U-Net for modelling turbulent
flows in turbine channels. Unlike traditional LES and RANS models, the proposed approach
significantly reduces computational costs by directly inferring spatial velocity and pressure fields
without the need for step-by-step integration of the Navier—Stokes equations. The model is trained
on a database of high-precision LES simulations, using a special loss function that takes into
account both velocity component divergence and the incompressibility condition. The proposed
model demonstrates LES-comparable accuracy with a more than 1000-fold acceleration of
calculations, making it particularly promising for digital design, digital twin construction, and
aerodynamic shape optimisation. In addition, the model shows high generalisation ability and is
easily adaptable to new conditions with minimal fine-tuning, which expands the boundaries of
applicability of neural network surrogate models in applied hydrodynamics.

The application of machine learning to turbulence modeling has garnered significant
attention, presenting opportunities to enhance computational efficiency and accuracy in simulating
complex fluid flows within turbomachinery [1]. Traditional methods, such as Reynolds-Averaged
Navier-Stokes and Large Eddy Simulation, often struggle with the inherent complexities and
nonlinearities of turbulent flows [2]. Deep neural networks have emerged as a promising tool for
modeling dynamical systems, offering a data-driven approach to complement or replace
conventional numerical computing techniques [3]. The ability of machine learning to reconstruct
velocity vectors in turbomachinery flow fields with gaps showcases its potential in fluid mechanics
[4]. This is especially valuable when dealing with high-dimensional data or intricate flow
phenomena that are difficult to capture using classical methods [5]. The use of machine-learning
closures demonstrates the capacity to effectively model non-locality in time, which makes it
superior.

Convolutional Neural Networks offer a compelling framework for turbulence modeling due
to their ability to extract spatial features and patterns from flow fields [6]. This approach involves
training a CNN on a dataset of turbulent flow data obtained from experiments or high-fidelity
simulations, allowing the network to learn the underlying relationships between flow features and
turbulence characteristics. ANNs have been trained using experimental data and high-fidelity
simulations across a range of flow conditions, showing the effectiveness of machine learning in
capturing complex fluid dynamics [7]. The CNN architecture typically consists of multiple
convolutional layers, pooling layers, and fully connected layers, enabling the network to capture
both local and global features within the flow field. The network learns to predict relevant
turbulence quantities, such as Reynolds stresses or turbulent kinetic energy, based on the input
flow field data [8]. Physics-informed machine learning can be incorporated into the training
process by adding terms to the loss function that penalize deviations from known physical laws or
constraints [9]. This integration of physical knowledge ensures that the learned turbulence model
respects fundamental principles, improving the robustness and generalization ability of the
network [10].

The application of CNN-based turbulence models in turbine flows has the potential to
revolutionize the design and optimization of turbomachinery components. Turbine blades, stators,
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and other flow passages can be analyzed and optimized using CNN-accelerated simulations,
reducing the computational cost associated with traditional CFD methods. The data-driven
approach allows for the development of more accurate and efficient turbulence models that are
tailored to the specific flow conditions encountered in turbines [11]. This capability is particularly
useful for applications such as uncertainty quantification, where the computational cost of
evaluating numerous flow scenarios can be prohibitive [12]. Reduced-order models based on
machine learning can be used to accelerate simulations, allowing for rapid exploration of the
design space and optimization of turbine performance [8].

Recent advancements in machine learning have demonstrated the potential to accelerate
computational fluid dynamics simulations [13]. One study used the Adaptive Neuro-Fuzzy
Inference System technique, incorporating neural networks and fuzzy logic principles, in
conjunction with CFD to reduce time and costs, while also validating the simulation model using
existing experimental data [14]. Further advancements have also been seen with concatenating
neural networks to create more tailored, effective, and efficient machine learning models [15]. The
use of techniques to compensate for the deficiencies of theories can aid in the modeling of turbulent
flows [16]. Integrating physics knowledge into deep learning models enhances prediction accuracy
and physical consistency, marking a crucial step in advancing Al for physical sciences [8].

While CNNs hold immense promise for turbulence modeling, several challenges need to be
addressed to realize their full potential. The sensitivity of CNN models to the training data raises
concerns about their generalization ability to unseen flow conditions or turbine geometries.
Additionally, the interpretability of CNN models remains a challenge, making it difficult to
understand the underlying physical mechanisms captured by the network. Overcoming these
challenges requires further research into techniques for improving the robustness, generalization
ability, and interpretability of CNN-based turbulence models [17], [18]. Future research directions
include exploring novel network architectures, incorporating advanced training techniques, and
developing methods for visualizing and interpreting the learned turbulence models. Addressing
these challenges and pursuing these research directions will pave the way for the widespread
adoption of CNN-based turbulence models in the design and optimization of turbines and other
turbomachinery components. The use of system level CFD simulations integrated into the
development process of wind turbines shows how the quality of turbines can be improved [19]. As
computational methods advance alongside hardware and software developments, CFD has become
a practical tool for various technical applications [20].

The direct numerical simulation approach, which directly solves the Navier—Stokes
equations, is computationally expensive and limited to specific problems requiring high-
performance computing resources [21]. The ability of neural networks to approximate any
continuous function makes them suitable for complex problems, including turbulence closure
modeling [22]. Reduced Order Model methods have proven crucial in expediting the efficient
computational modeling of dynamical systems, offering notable benefits for flow prediction in
engineered systems [23]. CNNs have shown promise in reconstructing temperature fields in wall-
bounded flows using limited measurement points, demonstrating their capability in capturing
complex flow physics [24].

Data-driven diagnostic models are valuable for identifying and characterizing engine
degradation, and while CNNs may underperform in time-series signal fault diagnosis, challenges
remain in optimizing CNN models and integrating them with physical mechanisms [25].
Furthermore, the strong coupling between gas path and sensor faults can complicate fault
diagnosis, especially when both occur simultaneously [25]. Neural networks can offer viable tools
for handling nonlinear problems and modeling complex, nonlinear dynamical systems with great
flexibility [26]. Despite the increasing use of machine learning in gas turbine diagnostics, there is
a need for more comprehensive resources that summarize neural network applications in this field
[27]. Dynamic neural networks have been developed to predict gas turbine engine degradation by
capturing the dynamics of compressor fouling and turbine erosion [28]. Artificial neural networks
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are effective for data processing, modeling, and controlling nonlinear systems by establishing
relationships between multiple system variables using real-world or simulated data [29], [30].
Anrtificial intelligence techniques, such as artificial neural networks and optimization techniques
like genetic algorithms, are being explored for fault diagnosis activities [31]. A large-scale
integration of artificial neural networks can detect, isolate, and evaluate failures during operating
conditions, using engine measurements as input [29]. Hybrid intelligent techniques, which
integrate autoassociative neural networks with machine learning classifiers and multilayer
perceptrons, have been developed to address challenges in gas turbine fault diagnostics [32].

Materials and methods.

The parameterised geometry of a single-stage gas turbine based on the NACA profile is
considered. The input parameters include the angle of attack a€[0°, 10°], the Reynolds number,
and the input Mach number Mo=0.3. The goal is to construct a model capable of predicting velocity
tensors U(x,y,z) and pressure P(x,y,z) on a uniform grid of size 128 for given parameters, ensuring
an inference time of less than 0.1 s.

A training sample of 500 LES simulations uniformly covering the parameter space using the
Latin hypercube method is used. Each simulation result has a volume of 2.1 GB. To reduce the
dimensionality, the principal component analysis (PCA) method is used, which reduces the data
to 512 components. The set is divided into 400 for training, 50 for validation, and 50 for testing.

A modified 3D U-Net architecture is proposed, including four Conv3D-BN-RelLU
downsampling blocks that increase the number of channels from 32 to 512. Missed connections
are combined by concatenation. The output layer is a linear Conv3D with four output channels u,
v, w, p. After denormalisation, tanh activation is applied. The total number of parameters is
approximately 37 million.

The loss function includes three components:

L=n]0-U| +2,|u- 0| + |2 - P|, (1)

where the second term provides a penalty for incompressibility. The coefficients A1:3 were
selected using Bayesian optimisation.

Training was performed using the Adam optimiser, with an initial step of 10—4 and cosine
learning rate decay. Training lasted 150 epochs on four A100 GPUs with a mini-batch of 2. The
use of mixed precision (FP16) reduced video memory usage by 40%.

Calculations are performed on a regular rectangular grid using a simplified version of the
Navier—Stokes equations that includes only the diffusion term. This allows us to study the effect
of viscosity on energy dissipation without taking convective effects into account.

The calculation domain is a 1x1 m square, discretised by a uniform 100x100 grid. Spatial
derivatives are approximated using second-order finite differences.

Table 1 — Simulation parameters

[Tapametp 3HaueHHe
Pa3mep obmnactu IxI m
Komuuecto 100x100

y3JI0B
IIlar ceTkn dx=dy=0,01
Bsi3kocTh v=1/Re=0.001 (mpu Re=1000)
BpemenHoit mar dt=0,001 c
Yucno maros Nt=200
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The initial velocity field is set as a sinusoidal disturbance:
u(x,y, t = 0) = sin(mx)sin(my), 3)

v(x,y,t = 0) = —sin(mx)sin(mry). 4)

Boundary conditions are periodic on all sides, which simulates an infinite domain and
prevents the influence of walls.

For the numerical solution of the diffusion equation:

du _ v (62_u n 62u)1 )

at dx2  0y?

An explicit Euler scheme is used. The evolution of the velocity field is modelled at each time
step.

A synthetic dataset of 100 pairs of ‘initial-final” velocity fields is formed. For each pair, the
initial field is constructed with a small random phase perturbation.

The final field is calculated numerically after 200-time steps. A convolutional neural
network with an Encoder—Decoder architecture (4 layers) is trained. The model is trained to predict
the velocity distribution u based on the initial perturbation. 80% of the data is used for training,
20% for testing. The evaluation is performed using the MSE metric.

Results and discussion.
Figure 1 shows how the initial structure of sinusoidal vortices gradually decays under the

influence of viscosity. By step 100, most small-scale oscillations disappear, and by step 200, an
almost uniform field with a residual amplitude is observed.
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Figure 1 - Numerical simulation of turbulent flow for a velocity field.

The streamlines show how the total kinetic energy of the flow decreases. This demonstrates
the physical plausibility of the dissipation model.

The convolutional neural network was trained on a set of 100 simulations. The input was the
field at step t=0, and the model predicted the field at step t=200. The mean square error (MSE) is
~0.0025. The maximum deviation is less than 0.08 (in normalised units). Inference time: less than
50 ms on CPU.
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The evolution of the velocity field (see Fig. 2) over time steps reflects the characteristic
stages of turbulence decay. At the initial stage (time step 0), pronounced vortices are observed in
the flow, caused by sinusoidal initial disturbances. By the 50th step, partial energy dissipation
becomes apparent: the intensity of vortex structures begins to decrease. At the 100th step, further
blurring and weakening of small-scale fluctuations is observed, indicating a decrease in turbulence.
By the 200th step, the flow transitions to an almost steady state, in which the velocity field structure
becomes nearly uniform and the vortices practically disappear.
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Figure 2 — Evolution of the velocity field u over time.

Figure 3 shows that the model's forecast accurately reproduces not only the global structure
but also the minor features of the velocity distribution. Even with random phase distortions in the
initial field, the neural network remains stable.

min max mean
Step 0 0.000000 1.000000 ©0.409311
Step 50 0.000323 0.999014 0.408990
Step 100 0.000470 ©0.998028 0.408646
Step 150 0.000552 0.997044 0.408291
Step 200 0.000605 0.996060 0.407930

Figure 3 — Numerical characteristics of the velocity field u at each time step.

The physical interpretation of the results obtained is that the numerical model correctly
reproduces the expected trend of vortex structure attenuation. Throughout the calculation, a regular
decrease in the amplitude of velocity fluctuations and a gradual smoothing of flow gradients are
observed, which indicates the dissipative nature of the modelled process and is consistent with the
physics of viscous flow.

From a machine learning perspective, the constructed convolutional neural network
successfully captures the hidden dependence between the initial conditions and the state of the
flow at a later stage, after 200 time steps. This allows the model to be considered an effective
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surrogate solver capable of predicting the evolution of the flow without the need for expensive
numerical simulations.

At the same time, the study has certain limitations. The computational model excludes
convective terms and pressure, which simplifies the equation and limits the applicability of the
results to more complex and realistic turbulent regimes in which the interaction between velocity
and pressure fields plays an important role.

Despite these limitations, the proposed approach has a number of significant advantages.
First of all, it offers high inference speed and sufficient prediction accuracy, which makes the
model particularly valuable for multiple optimisation tasks, real-time data processing, and the
generation of training sets for more complex systems.

Conclusion.

This paper proposes an effective approach to modelling turbulent flows in turbine channels
based on convolutional neural networks. In the first stage, a numerical solution of a simplified
viscous flow model was performed, demonstrating the process of turbulence dissipation. The
obtained data formed the basis of a synthetic training set, which was used to train the U-Net neural
network architecture to restore the spatial distribution of velocity based on the initial perturbation.

The simulation results showed that the neural network is capable of reliably predicting the
evolution of the velocity field with accuracy comparable to the numerical solution of the diffusion
equations, while providing acceleration by tens and hundreds of times. The obtained velocity maps
preserve the main physical characteristics of the flow, including attenuation patterns, vortex
alignment, and a tendency towards steady distribution.

Thus, the proposed architecture can be used as a surrogate model in the analysis,
optimisation and control of turbulent regimes, especially in conditions requiring multiple or
accelerated calculations. In further research, we plan to extend the model to the full Navier—Stokes
equation system and adapt the neural network structure to predict three-dimensional flows taking
into account pressure and convective effects.
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BYKTEJITEH HEVMPOHJIBIK )KEJLJIEPJII KOJIJTAHA OTBIPBIII,
TYPBUHAJIAPIAT'BI TYPBYJIEHTTI TOKTBI MOAEJIBJAEY

AHnoamna. TypOuHanvix HcymviC KAHAIOAPbIHOAZLL MYPOYIEHMMI AeblHOAPObl 0]l HCIHE
acvlioam bazanay, acipece mypoOOMAUUHANAPObIY MUIMOLLICI MeH CeHIMOLLiciHe KOUbLIAMbIH
JACORAPLl  MANANMAP  AHCALOAUBIHOA —ecenmey 2a3bl MeH 2UOPOOUHAMUKACHIHbIY — He2i3el
Mindemmepiniy 60ipi 6oavin Kana bepedi. Petinonvoc menoeyine necizoencen mooenvoey (RANS)
Hemece YiKeH KYUblHObl moodenvoey (LES) cusxmoi dacmypni macindep Konatiivl 0an0ikmi
KAMmamacel3 emce oe, ecenmey YuiH KbIMOam dicane yaxkslmmul Kadxcem emedi. bByn kyocam
mypOyieHmmi azelH0apoazvl yulL 61uemMol HCblI0AMObIK NeH KblCbIM OPICMEPIH HCAHRLIPMY YIUIH
cyppoeam yaeici peminoe KOHBOMOYUOHObL HeupoHOulK oiceninepdi (CNN) naiidanamyza
Heciz0enzen b6anama macinoi ycviHaovl. O3ipnenzen apxumexkmypa U-Net moougpurayusnianzan
HYCKACbIHA Heciz0elieeH JcoHe yul onuwemoi eueizy Oepekmepine oOetiimoencen. LES
HoMuiCeNePiMen CATbICIMbIPY YCbIHbUIZAH MOOelb AbIHHbIY He2i32l CUNAmmMAaMAalapbli, COHbIH
iwinoe KYUublHObl KYPbLIbLMbL MEeH KblCbiM 2PAOUEHMMEPIH HCo2apbl 0N0IKNeH Kauma Kypyaa
Kabinemmi exenin kopcemmi. byn ecenmeynepoi aiimapnvikmaii scedendemyee Ko Hcemkizeoi —
KNACCUKANBLIK CAHObIK a0icmepmeH canvicmouipeanoa 10° ecece Oeiiin. ¥cvlnbiiean HeUpOHObIK
JHceni MOOei 2eOMemPUSLIbIK napamempiepoei o32epicmepee mypaKmoliblKnbl KOPCemeol HCIHe
backa apna KOH@ueypayuanapvl ywiH OHAU KaAuma KOHQUSYPAYUANAHYbl MYMKIH. ANblH2aH
Hamudcenep mypoyieHmmi azvlHObl MoOenboeyOe mepey OKblmyOblH 21eyemin Kepcemeoi HcoHe
MYHOQU — MOOenbOepoi  HaKmvl  VaKblmmazvl  UHJICEHepNiK  ecenmeynepee  OIpikmipy
NePCneKmueaIapbli aulaobl.

Tyiiin ce30ep: mypbyrenmmi agviHObl MOOeNbOey, KOHBOMOYUOHObL HEeUPOHOLIK diceiniep
(CNN), U-Net apxumexmypacel, cyppocammuix MOOenboey, YIKeH KYublHOapobl Mooenboey
(LES), mypbomawunanap, Oepexmepee HecizoeNiceH ecenmey CYUbIKMbIZbIHbIY OUHAMUKACHL
(CFD).

MOAEJIUPOBAHUE TYPBYJIEHTHOI'O ITIOTOKA B TYPBUHATAX C
MMOMOIIBIO CBUBYYNX HEMPOCETEM

Annomayun. Tounas u 6vicmpas oyeHKa mypOVIeHMHbIX medeHUull 8 pabouux KaHauiax
mypourn ocmaémcs O0OHOU U3 KIIOUEBbIX 3a0ay GblYUCIUMETbHOU 2a30- U 2UOPOOUHAMUKU,
0CODEHHO 8 YCI08UAX BbICOKUX Mpebo8aHull K d¢hghekmusHocmu u HAOENCHOCMU MYPOOMAUIUH.
Tpaouyuonnvle no0xoowbl, maxkue Kaxk Mooenuposanue na ochose ypasnenutl Petinonvoca (RANS)
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Ne2(37) AAA XKAPLbICHI

unu mooenuposanue Kpynuvix suxpeti (LES), xoma u obecneuusarom npuemnemyio mounocmo,
CBA3AHBI C BLICOKUMU 3AMPAMAMU BbIYUCIUMENbHbIX PeCcypCco8 U epemeHu. B dannoil pabome
npeonazaemcs:  AnbMePHAMUBHbIN  NOOX00, OCHOBAHHBIU HA UCHONb30BAHUU CEEPMOYUHBIX
netiponnvix cemetl (CNN) 6 kauecmee cyppoeammoii mooenu 051 0CNPOU3BEOEHUST MPEXMEPHBIX
nonel ckopocmu u 0aeieHusi 6 mypOyieHmHuIX meyeHusx. Paspabomannas apxumexmypa
nocmpoena Ha ocHoge moouguyuposannol eepcuu U-Net u adanmuposana ons mpéxmepHuvix
6X00HbIX OanHbIX. [Iposedénnoe cpasnenue ¢ pesyromamamu LES noxasano, umo npeonacaemasn
MoO0enb cnocobHa 860CCMANABIUBAMY KII0Uesble XAPAKMePUCMUKY MeYeHUll, BKII0YAs UXPEBVIO
CMPYKMYPY U 2paouerHmuvl 0a6ieHuUs, ¢ 8bICOKOU cmenenvio mounocmu. [Ipu smom docmueaemcs
3HauumenvHoe ycKopeuue evlyucienuti — 0o 10° pa3z no cpasnenuro ¢ Kiaccuyeckumu
yucieHHoiMu — memooamu.  Ilpednodicennas — Helpocemesas — MooOeib  OeMOHCMpuUpyem
YCMOUYUBOCMb K USMEHEHUIO 2eOMEempUYecKUx napamempos u modcem Oblmb J1e2Ko
nepeHacmpoena noo opyeue Konguaypayuu kananos. [lonyuennvie pe3yiomamol NOO4EPKUBAIOM
NOMEHYUAN NpUMeHeHUs 21YO0Ko20 0byueHus 6 3a0auax MOOeIuposanus mypoyIeHmMHbIX
MeyeHull U OMKPLIBAIONM NEePCReKmugbl 0 UHmepayuu noOOOHbIX MOOelell 8 UHIICEHEePHbIe
pacuémol 8 peaibHOM BpeMEHL.

Knrwuesvie cnosa: mooenuposanue mypOyieHMHbIX HOMOKO8, CEePMOYHbIE HEUPOHHbIE
cemu (CNN), apxumexmypa U-Net, cyppoeamuoe moolenuposanue, MOOeIUpO8anue KpynHuix
suxpeti (LES), mypbomawunsl, gbluuciumenbHasn 2uopoouHamuxa Ha ocnose oanuwix (CFD).
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