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ABSTRACT

Turbulent flow is a complex and vital phenomenon in fluid dynamics, as it is the most common type of flow in both natural and artificial
systems. Traditional methods of studying turbulent flow, such as computational fluid dynamics and experiments, have limitations such as
high computational costs, experiment costs, and restricted problem scales and sizes. Recently, artificial intelligence has provided a new
avenue for examining turbulent flow, which can help improve our understanding of its flow features and physics in various applications.
Strained turbulent flow, which occurs in the presence of gravity in situations such as combustion chambers and shear flow, is one such case.
This study proposes a novel data-driven transformer model to predict the velocity field of turbulent flow, building on the success of this deep
sequential learning technique in areas such as language translation and music. The present study applied this model to experimental work by
Hassanian et al., who studied distorted turbulent flow with a specific range of Taylor microscale Reynolds numbers 100 < Re; < 120. The
flow underwent a vertical mean strain rate of 85! in the presence of gravity. The Lagrangian particle tracking technique recorded every
tracer particle’s velocity field and displacement. Using this dataset, the transformer model was trained with different ratios of data and used
to predict the velocity of the following period. The model’s predictions significantly matched the experimental test data, with a mean absolute
error of 0.002-0.003 and an R” score of 0.98. Furthermore, the model demonstrated its ability to maintain high predictive performance with
less training data, showcasing its potential to predict future turbulent flow velocity with fewer computational resources. To assess the model,
it has been compared to the long short-term memory and gated recurrent units model. High-performance computing machines, such as
JUWELS-Devel BOOSTER at the Juelich Supercomputing Center, were used to train and run the model for inference.

© 2023 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license (http://
creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0157897

I. INTRODUCTION

In fluid dynamics and physics, turbulent flow is a complex prob-

Turbulent flow with deformation can be observed in various scenarios,
including leading-edge erosion in compressors and turbines,” combus-
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lem." Turbulent flow is a nonlinear and high-dimensional phenome-
non,” and it is commonly seen in industrial and natural applications.’
In addition, the universe is composed of turbulent and unsteady com-
ponents.” Thus, there is a tremendous interest in studying turbulent
flow. In this study, experimental data from Hassanian et al. work" are
applied from the Lagrangian particle tracking technique for tracer par-
ticle seeded a turbulent deformation flow with a specific mean strain
rate and a particular range of Taylor microscale Reynolds numbers.

tion in internal engines, and particle interaction in mixing chambers."
It can also occur in the external flow over an airfoil and in the internal
flow of pipes with variable cross sections."

The prior applied solution in turbulent flow has been experi-
mented,’ and it is still the most robust way.” However, designing and
conducting experiments is expensive in the case of most natural and
industrial flow studies because of their dimensions and scales, leading
to constraints and making them even more often impossible to
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perform." The most known numerical approach to solving turbulent
flow problems is the computational fluid dynamics (CFD) method.*”
In CFD, the numerical approaches can be broadly classified into three
categories based on the accuracy vs computation time: Reynolds aver-
aged Navier Stokes (RANYS), large eddy simulation (LES), and direct
numerical simulation (DNS).'” RANS is applied widely in the industry
and provides an average solution, not an exact one.' LES solves the
problem with better accuracy than RANS, but weaker than DNS, and
consequently, DNS proposes the exact answer.”'' LES and DNS suffer
cost computation, and the computation cost proliferates depending on
the problem size.” In this term, to implement LES and DNS, it is essen-
tial to apply high-performance computing.” Despite development in
parallel computing, this issue limits these two solver applications. It
must be noted in most CFD solutions, validating the results via experi-
ment plays a crucial role.'” Accordingly, to overcome above-
mentioned obstacles, discovering and using an alternative method to
provide the possibility to study the turbulent flow widely is an essential
matter. Deep learning (DL) has recently been used broadly, proving
remarkable capability in fluid dynamics.'” To analyze turbulent flow
in the Lagrangian framework, both spatial and temporal perspectives
are crucial to identify flow characteristics in the future period. Among
the various deep learning techniques, sequential architectures such as
long short-term memory (LSTM) and combinations of convolutional
neural networks (CNN) that cover the temporal perspective have
proved to be effective models for resolving or predicting turbulent
flow issues. It is well addressed that the statistics of turbulent flow are
applicable,”” and they are sequence features based on the Lagrangian
framework. Obviously, as literature has noted, LSTM variants are an
excellent way for sequential datasets.”” CNN compositions for sequen-
tial data require a large dataset to train, and it has several layers, which
leads to a lot of computing time."*

DL methods involve semi-supervised and unsupervised learn-
ing."* In semi-supervised learning, the target has no label, and in unsu-
pervised learning, the target pattern must be understood and extracted
by the model.”” The main necessity in deep learning lies in the input
data used to train the model. In the realm of fluid dynamics, obtaining
an accurate dataset can be achieved through experiments and DNS.
Zhou et al.'® applied a surrogate model based on CNN and higher-
order dynamic mode decomposition to predict the unsteady fluid force
time history for twin tandem cylinders. An unsupervised machine
learning Gaussian mixture model for the detection of viscous-
dominated and turbulent regions has been proposed by Otmani
et al.'” Salehipour et al."® applied a DL model to discover a generic
parameterization of diapycnal mixing. Raissi et al.'” employed a DL
model for the prediction of the lift and drag forces on the vortex struc-
ture. Kim et al.”’ presented an unsupervised learning model that can
be trained with unpaired turbulence data for super-resolution recon-
struction. Yousif et al.”' proposed a DL method composed of a convo-
lutional auto-encoder and LSTM for generating turbulent inflow
conditions. Lee et al.”” determined a data-driven deep learning model
to predict unsteady flow over a circular cylinder. Hassanian et al.”
applied LSTM variants to predict a deformed turbulent flow velocity
field. Eivazi et al”’ presented a physics-informed neural network
application for solving RANS equations. Duru et al.” represents an
application of DL to forecast the transonic flow around airfoils. Bukka
et al.” defined a hybrid DL model to predict unsteady flows. Most
fluid flow studies that applied DL use data extracted from CFD
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computations.'”” Furthermore, most works included preprocessing
steps to identify the dominant features, such as proper orthogonal
decomposition or dynamic mode decomposition.'” Recently, LSTM
and GRU models are used to predict a turbulent flow with only tem-
poral features.””** Based on above-mentioned terms, it is essential to
correspond the DL model to turbulent flow with these features:

* Predicting turbulent flow with minimum training data that are
possible to generate for the study case via DNS or experiment.

* The DL model training cost does not grow in relation to the size
of the data.

* The DL model is able to extract the dominant feature from avail-
able data.

* The DL model performs reliably in a broad range of high
Reynolds numbers.

Recently, transformer model from the attention mechanism rep-
resents the remarkable capability to simulate and forecast sequential
datasets.””" This study aims to apply the transformer model”” in a
novel data-driven approach and assess it based on the above items. A
transformer is a DL model based on encoder-decoder layers, and it
processes the data through an attention mechanism.”” It is used widely
in language translation.”’ The distinguishing characteristic of the
Transformer is its architecture, which completely eliminates the use of
recurrence and convolutions.”” This intrinsic feature enables the trans-
former model to be highly parallelizable, resulting in significantly
reduced training time and computational requirements.”” Previous
recurrent models encounter a sequence of hidden states as a function
of previous states and input, and this sequential nature impedes paral-
lelization with training examples. In addition, the attention mecha-
nism allows modeling of dependencies no matter how far apart the
inputs or outputs sequence are.”””"*

In this study, the proposed transformer model can be effectively
utilized to analyze the strained turbulent flow cases mentioned earlier,
offering valuable insights into the physical properties of turbulent
flow. This enhanced understanding has wide-ranging applications in
both industrial and natural settings. The dataset comprises two com-
ponents: the velocity of each individual particle and the corresponding
time recorded during the experiment. A subset of the dataset is
employed to train the transformer model, while the remaining data
are used to test the model’s predictions and forecast the flow velocity
for subsequent periods. Hence, this paper is organized as follows; the
theory is described in Sec. II. The methodology and setup are pre-
sented in Sec. III. The results and conclusions are represented in
Secs. IV and V, respectively.

Il. THEORY

This study designs and proposes a transformer model in a data-
driven approach using experimental turbulent flow data.” In Secs. IT A
and B, first, the applied turbulent flow theory is described, and then,
the transformer model architectures are explored.

A. Turbulent flow and Lagrangian particle tracking

The data used are from turbulent flow conducted in a laboratory,
and details can be found in the original work.” The flow has a Taylor
microscale in the range of 100 < Re; < 120. The flow underwent
strain deformation with a specific mean rate of 8 57! in the y direction.
Figure 1 displays a sketch of the generated flow. The experiment was
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tracer particles following
the streamlines

FIG. 1. Sketch of the generated turbulent flow: the particle size is for visualization
in the figure, and it is not the actual scale.

conducted in the presence of gravity. The flow was seeded by tracer
particles with median diameters 8-10um and specific gravity
1.1g/cm? (hollow glass) to extract the flow features. The Lagrangian
particle tracking technique based on the work of Ouelette et al.”” was
employed to record the tracer particles’ movement via the high-speed
camera in 2D view. The original work assessed the tracer particle based
on Stokes number to ensure that the particle track is following
the flow streamlines. Stokes number St is an identification when it is
St < 1 for a particle, and it proves the particle pathline corresponding
to the flow streamlines. The Stokes number for seeded particles has
been reported in the range of 0.00632-0.01807." Thus, the measured
data included velocity components in the x and y directions, location
in the x and y coordinates, and corresponding time ¢ for every moment
measured. The data were recorded with 10000 frames per second
(10kHz) in the period of 0.2s. From the Lagrangian perspective, the
velocity of a fluid particle is defined by’

xi = x;(t, xip), (1)
Ui = Ui(t, x1(t, x10), %2(, X20), X3(t, X30)), (2)

where the fluid particle position and velocity in 3D coordinates are
determined by notations 1 and 2, respectively, x is the position, U is
the velocity, ¢ is the time, and 7 specifies the vector component. In this
work, data were measured in 2D; therefore, the 3rd dimension has not
been addressed.

This study applies a data-driven approach based on the above-
described dataset. Since turbulent flow is a complex concept and is a
high-dimensional phenomenon, the primary of the DL model applica-
tion is to discover the dominant feature to be able to predict the fol-
lowing periods of the target segments. In this work, the available data
consist of velocity and location in corresponding time. The turbulent
flow is affected by the external mean strain rate and has deformed. In
addition, the experiment was conducted in the presence of gravity,
and its effect is unknown from previous studies.”" In order to specify
the input data, this study proposes a novel approach: the velocity com-
ponents in sequence feeding the model as input and training the
model. This design is based on the concept that velocity in turbulent

pubs.aip.org/aip/pof

flow is considerable, and it is attained and carries the most properties
of turbulent flow. Moreover, the model gains training for each velocity
component individually in the x and y directions. This configuration
allows the model to be used with 3D components and without limits
in flow dimensions.

The superiority of this proposed approach is that it employs raw
measured velocity datasets without preprocessing to specify the domi-
nant feature or make the dimensional reduction. The turbulent flow
velocity could be measured in many industries and natural applica-
tions via available devices.

B. Transformer and attention mechanism architecture

The transformer is a DL network composed of encoder-decoder
architecture.”” The input data feed the encoder layers and generate the
output via the decoder.”® The mechanism of this process has several
steps. The number of encoder layers must be equal to the decoder layers.
In order to specify the input sequence and distance, positional embed-
ding is added to the input vectors. The positional embedded input vec-
tors feed the first encoding layer, and the output of the previous encoder
layer provides the successive layers. Every encoder layer is broken down
into two sublayers. The first encoder inputs stream through a multi-
head attention sublayer. In a multi-head sublayer, all inputs’ dependen-
cies are considered to create the weight matrices. The next step is the
outputs from the multi-head sublayer stream to the feed-forward sub-
layer. Between these sublayers, there is an Add&Norm intermediate
sublayer, which adds the inputs of the multi-head sublayer to its input
and normalizes them. In the feed-forward sublayer, the data are inde-
pendently applied to each position. Thus in the feed-forward sublayer,
data can process in parallel and independently. The outputs from the
feed-forward sublayer, in the same manner, should pass the
Add&Norm intermediate sublayer. Consequently, the data have been
proceeded into an encoder layer and then flowed into the next encoder
layer. The number of the encoder layers have no specific and magic
numbers,”” and they must be resolved and determined in the architec-
ture design for every problem. When the first transformer architecture
was born,” it was designed with only six encoder-decoder layers with
notable achievement. This feature of the transformer architecture men-
tions a remarkable capability to model sequential data problems with
fewer layers. Reducing the number of layers in deep learning models
could lead to less computing.

When the data cross through all encoder layers, then they will be
encoded data flow to decoder layers to embed the outputs. The
decoder layer consists of two multi-head and feed-forward sublayers
that do the same as the encoder layer and are located after a masked
sublayer. The first sublayer in the decoder, as a masked multi-head
sublayer, makes a masking layer for the embedded outputs in this way
that it only depends on the earlier data. It masks the next sequence of
data and avoids their effects. When passed the Add&Norm intermedi-
ate sublayer, the output from the masked multi-head flows through
the multi-head sublayer. Training the model in the encoding layers
creates three weight matrices: Query, Key, and Value. Key and Value
matrices from the latter encoder feed the multi-head sublayers of
decoder layers directly. However, the multi-head sublayer of every
encoder layer gains the Query matrix from the earlier masked sub-
layer. The following steps in decoder layers are similar to encoder
layers. Consequently, the output goes through linear and softmax
layers from the last decoder layer. The linear layer is a fully connected
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neural network that converts the vector created by the stack of a decoder
to a much larger vector called a logit vector. Then, softmax turns the
scores from linear vector to probability (all positive, all add up to 1.0),
and the cell with the highest probability is chosen as the output for this
time step. This study applied a transformer model with four encoder-
decoder layers, and its architecture is displayed in Fig. 2. This study uses
the sequential velocity vector as input and is processed through a deter-
mined transformer encoder-decoder to train and predict the following
velocity. To measure the model error of the prediction, this study
applied to mean absolute error (MAE) and the R? score. These two met-
ric measurements are defined by the following equations:”’

1 N
MAE == "lsia = sigl, 3)
i=1
N
2
Z (Sia — Si,p)
R=1-2_ (4)

(Si«,u - Sm)z

-

I
—

where s;; is the actual measured data, s;, is the predicted data, s,, is
the mean of the actual data, i refer to the corresponding time (or vec-
tor array number), and N is the number of the test data.

. METHODOLOGY

In this section, the design setup of the transformer model is
explored, and then, the experimental data from the turbulent flow are
described.

Output Probabilities

Encoder Setup

Positional
Encoding

Positional
Encoding
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A. Transformer model tuning

The model is coded in Python and uses the TensorFlow plat-
form.”® The transformer model is set up with 4 encoder and
decoder layers, which shows the attention mechanism ability and
distinction of the transformer model from other sequential architec-
ture. This study has tuned the transformer model with the optimum
layers number to present the best result. Indeed, it is possible to
build a transformer model with more layers. However, the subject of
this work applies an optimum model with a minimum layer number.
It must be noted that the primary transformer model, when
invented, only had six encoder-decoder.”” Adam is specified as an
optimizer."* The dataset was normalized by MinMaxScaler transfor-
mation."’ The MinMaxScaler is a type of scaler that scales the mini-
mum and maximum values to be 0 and 1, respectively.w Since the
modeling was implemented on the DevelBooster module’' from
Juwels parallel computing machine, we have applied a distributed
strategy application programing interface from the TensorFlow plat-
form abstraction to distribute the training across multiple custom
training loops.”” The strategy has been set up with four GPUs
(Graphics processing units) on one node.

B. Experimental turbulent flow velocity dataset

Each particle has a vector of velocity and displacement during
the strain motion. This study proposes a transformer data-driven
model for the sequence dataset relying on the velocity. The dataset of
this study composed of 2862,119 tracking points for every vector is as
follows:

Decoder Setup

FIG. 2. Transformer model architecture
with four encoder—decoder layers.

Multi-Head
Attention
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¢ Velocity component in the y direction
* Velocity component in the x direction
* Time vector specifies the time ¢ for every tracking point

These tracking points consist of all particles’ velocity vectors.
Moreover, it is expected to observe several tracking lines, as it is pre-
sented for the velocity in the results in Sec. IV; every tracking line
specifies a particle. Although the dataset is sequential, it is split into
training data and test data for the first model, 80% and 20%, respec-
tively, and for the second model, 60% and 40%, proportionally.
Therefore, we assessed the velocity prediction of the following period
with the test data for the transformer model.

IV. RESULTS AND DISCUSSION

In this section, the achieved results from the proposed trans-
former model to forecast the velocity field in a turbulent flow are dis-
played and discussed. First, the visualization of the measured velocity
field will be presented, obtained by the Lagrangian particle tracking.

A. Actual measured velocity

The experimental data from the original work" have been applied
to the Lagrangian particle tracking techniques. The recorded data
involve the velocity vectors in two directions of the x and y. Figures 3
and 4 are presentations of the velocity in the period of the experiment.
Accordingly, the turbulent flow underwent a deformation in the y
direction, and it is obvious that the velocity fluctuates much more in
the y direction than in other directions. It has been noted in the litera-
ture that deformation leads to extra fluctuations in a turbulent flow."”’
In addition, the velocity in the y orientation gains a slope in the mean
velocity, which is caused by the mean strain rate value.”* These two
datasets of the velocity fed the transformer model in this study with
different training portions, and the observations are reported in the
next subsection. For flow with 3D measurement, the third velocity
direction will be available and can be performed the same as these two
velocity components.

B. Transformer model velocity prediction

The transformer model is trained for each velocity component
individually, for the direction of the y once and again the direction of
the x. The model has been assessed with two training ratios: start with
80% and then 60% training, and the rest of the data portion has tested

Uy [m/s]

X 1 1 1 I
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
Time [s]

FIG. 3. The measured velocity component in the y direction U, via Lagrangian par-
ticle tracking technique during the deformation.

ARTICLE pubs.aip.org/aip/pof

0.4 T T T T T

x

U_[m/s]

I
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
Time [s]

FIG. 4. The measured velocity component in the x direction U, via Lagrangian par-
ticle tracking technique during the deformation.

; ; ; ; ;
Actual data (Red points)

. Training data: 80% (Blue points)
Predicted data, Transformer Model (Green points)

U_ [m/s]

I I 1 1 L
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
Timel[s]

FIG. 5. The prediction of the velocity in the y direction U, by the proposed trans-
former model with 80% training data and 20% test data.

the prediction and measured the metric error. Figures 5 and 6 display
the transformer model velocity prediction in the y and the x, respec-
tively, which has 80% training data, and 20% are used to test the veloc-
ity forecasting. The mean absolute error (MAE) and R? score 0.002
and 0.98, respectively. In order to evaluate the transformer model
capability with less training, the model again trained with 60% of the
data, and 40% are employed for the test. In Figs. 7 and 8, the outcome
of the second transformer model training in the y and the x orientation

X

U_[m/s]

Actual data (Red points)
Training data: 80% (Magenta points)
Predicted data, Transformer Model (Cyan points)

. . .
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
Time [s]

FIG. 6. The prediction of the velocity in the x direction U, by the proposed trans-
former model with 80% training data and 20% test data.
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0.6 T T T T T T T

- Actual data (Red points)
- Training data: 60% (Blue points)
Predicted data, Transformer Model (Green points)

04

U_ [m/s]

4

.
.0

L L L L L
0.08 0.1 0.12 0.14 0.16 0.18 0.2

Time [s]

FIG. 7. The prediction of the velocity in the y direction U, by the proposed trans-
former model with 60% training data and 40% test data.

is illustrated, respectively. With less training data, the MAE is 0.003,
and the R score is 0.98.

It must be noted the applied data from a turbulent flow with
identified Taylor microscale Reynolds number range underwent defor-
mation with a specific rate, and the experiment was conducted in the
presence of gravity. In this proposed transformer model, training data
did not have any direct information regarding the turbulent intensity,
strain rate, and gravity effects. This is the superiority of the trans-
former model that can extract the dominant feature and its dependen-
cies. Moreover, in this model, the study only applied the velocity
vector as an inherent flow feature, which carried the flow properties,
and can transfer these crucial features to the model and predict the
next period of the turbulent flow. The predicted velocity field by the
transformer model remarkably matches the actual available data based
on the MAE and the R” score.

C. Sequential dataset and transformer model

To evaluate the transformer model as an attention mechanism in
comparison to well-established sequential deep learning models, its
performance is compared to LSTM and GRU models utilized in previ-
ous studies with similar datasets, focusing on physical properties and
size.”” Table I presents the results, showcasing that the transformer
model achieves comparable mean absolute error (MAE), R? scores,
and training time in predicting the velocity of strained turbulent flow

x

U_[m/s]

Training data: 60% (Magenta points) e 5
Predicted data, Transformer Model (Cyan points) a
. . . .

I
0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
Time [s]

FIG. 8. The prediction of the velocity in the x direction U, by the proposed trans-
former model with 60% training data and 40% test data.
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TABLE 1. To assess the capability of the transformer model as a mechanism for
attention, a comparison is made between its performance and that of long short-term
memory (LSTM)* and gated recurrent units (GRU)** from previous studies with sim-
ilar datasets.

Training ratio Performance LSTM GRU  Transformer

80% MAE 0.002  0.002 0.002
R? score 098 098 0.98

Training time (s) 295 318 301
60% MAE 0.002  0.002 0.003
R? score 098 098 0.98

Training time (s) 214 229 219

when compared to LSTM and GRU models. The LSTM and GRU
models in Table I utilized identical training and test ratios as the trans-
former model employed in this study. LSTM and GRU models have
been widely employed as sequential models in numerous studies, mak-
ing them suitable benchmarks for comparison.

While the use of transformer models in the field of fluid dynam-
ics has been relatively limited compared to the widespread adoption of
LSTM and GRU models, Table I demonstrates the competence of the
transformer model for such applications. However, further enhance-
ments can be made by leveraging a larger and more diverse dataset
specific to fluid dynamics. Moreover, the original work introducing
the transformer model™ highlights its parallelizability and significantly
reduced training time compared to traditional models. This inherent
characteristic warrants evaluation with a larger-scale dataset to fully
exploit its potential benefits in fluid dynamics research.

D. Transformer and sequential models in turbulent
flow and physics applications

The primary challenge of the present century lies in enhancing
deep learning models, including transformers, to tackle turbulent flow
and accurately predict its features. This advancement holds the poten-
tial to provide a comprehensive understanding of turbulent flow appli-
cations, thereby offering valuable insights and advancements in
various domains.

One crucial application is the utilization of wind energy, where
the inherent relationship between wind speed and turbulence plays a
significant role. Accurate long-term and short-term forecasting of tur-
bulent wind patterns can greatly enhance the reliability and stability of
power grids, contributing to the pursuit of sustainable and efficient
energy systems.

Another critical area is the study of turbulent flow over airplane
wings. Understanding the intricate features and making precise predic-
tions in this domain is essential for addressing the challenge of reduc-
ing drag force. Such advancements are instrumental in realizing goals
related to green energy and minimizing fuel consumption on a
broader scale.

Particle-laden turbulent flow represents an open frontier in fluid
dynamics. By harnessing the capabilities of deep learning models like
transformers, it becomes feasible to forecast the trajectories of particles
in subsequent periods. Additionally, these models can shed light on
crucial physical concepts, such as the impact of gravity, which may
have been inadequately explored using traditional numerical methods.
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In the field of combustion, understanding reactive flows holds
great significance for controlling, predicting, and optimizing the con-
version processes. Recent attention has been directed toward alterna-
tive fuels such as hydrogen, where experimental studies can be
complex and costly. Leveraging the capabilities of Transformers and
other sequential deep-learning models can lead to remarkable
advancements in this area, revolutionizing the exploration and utiliza-
tion of alternative fuels.

In summary, the integration of deep learning models, particularly
transformers, into the study of turbulent flow has the potential to drive
substantial progress in understanding complex flow dynamics, unlock-
ing valuable insights, and enabling advancements in a wide range of
applications.

E. Limits and enhancing Transformer and sequential
models in turbulent flow

The study at hand presents a deep learning-based model utilizing
the transformer architecture to forecast the velocity of deformed tur-
bulent flow under specific conditions, encompassing the effects of
gravity, defined turbulent intensity, and determined strain rate.
Experimental data obtained through the LPT technique were
employed as the dataset. However, compared to other deep learning
methods such as LSTM, GRU, and CNN, the application of the trans-
former model in predicting turbulent flow is still an active area of
research. It is crucial to understand the capabilities and limitations of
this model in the context of turbulent flow, particularly when dealing
with high Reynolds numbers characterized by heightened fluctuations.
Additionally, the flow characteristics differ depending on whether it is
compressible or incompressible. Previous studies applying deep learn-
ing techniques to turbulent flow have often focused on specific data or
narrow ranges of Reynolds numbers. Consequently, further investiga-
tion is necessary to identify the limitations and failure points of these
models in prediction tasks. It should be noted that each deep learning
model applied to turbulent flow requires specific tuning, and there is
no universally applicable setup. Recent developments in deep learning,
such as hyperparameter tuning, have underscored its significance in
optimizing model performance. Incorporating this technique can aid
in identifying the most suitable model design for a given task.
Expanding on the proposed model, this study suggests exploring the
potential of enhancing deep learning models, including variants of
LSTM, Transformer, and CNN, across a wider range of turbulent flow
scenarios. Future research endeavors should strive to uncover the
working range and performance boundaries of these models in turbu-
lent flow applications.

V. CONCLUSION

This study proposed a novel transformer model from DL
approaches in the context of data-driven concepts to predict the veloc-
ity field of a turbulent flow with deformation and in the presence of
gravity from an experiment. Transformer model architecture is based
on encoder-decoder layers and processes the data via an attention
mechanism. The transformer model is state-of-the-art for sequential
models and is mostly applied in language translation, and it made
remarkable development in this area. In the realm of turbulent flow,
the application of the transformer model is relatively nascent
compared to established methods such as LSTM variants and
CNN compositions. However, recent studies in fluid dynamics have
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demonstrated significant advancements and notable precedents in uti-
lizing the transformer model.”"*’ Long short-term memory and con-
volutional neural networks are employed in many data-driven and
compute-driven fluid dynamics areas.

The application of deep learning models in the field of fluid
dynamics, specifically in turbulent flow, has emerged as a crucial area
of study. In various fields of fluid dynamics, a combination of analyti-
cal, numerical, and artificial intelligence methods has gained traction.
Several examples include analyzing flow on airplane wings, reactive
flow phenomena, wind speed prediction in wind turbines, studying
multiphase flow dynamics, investigating boundary layers, and explor-
ing particle-laden turbulent flow. This integration highlights the
increasing recognition of artificial intelligence as a powerful tool along-
side traditional methods, empowering researchers to tackle complex
fluid dynamics challenges and could open up new avenues for under-
standing and predicting complex flow phenomena. These models have
the potential to uncover a wealth of physical concepts and facilitate
accurate flow feature predictions in various domains, contributing to
advancements in energy, transportation, and environmental research.

This work used only the velocity components of 2D turbulent
flow measurement in a sequence way. It did not feed the other effects,
such as turbulence intensity, strain rate, and gravity effect, to the
model. This design relies on the concept that velocity carries and
transfers the most important flow features. Moreover, the velocity
measurement of the turbulent flow by devices is available in many
industrial and natural applications; therefore, applying the suggested
method to predict the turbulent velocity is convenient. Moreover, the
model is independent of the velocity components and trains and pre-
dicts each velocity component individually. The transformer model
was trained with two portions of training data, 80%, and 60%, respec-
tively, and the rest of the data tested the velocity prediction. The error
measurement illustrates the MAE and the R* score in 0.002-0.003 and
0.98, respectively, which is a considerable prediction and almost
matches the actual data. It is extraordinary that with less training data,
the transformer model is able to keep the error and prediction quantity
constant and predict a period similar to a larger training ratio. It
proves that the capability of the Transformer model is excellent. For
future studies, it is suggested to investigate the transformer model with
extensive data to evaluate its computation cost. Moreover, other turbu-
lent flow features can be taken into model consideration and predic-
tion. Based on the Transformer architecture and its capability, it could
hopefully be useful for a deeper physical understanding of the turbu-
lent phenomenon. The suggested method in this study could be
employed broadly.

In light of the proposed model, this study advocates for an exten-
sive exploration of deep learning models, such as various LSTM var-
iants, transformer architectures, and CNNs, to unlock their full
potential in a broader spectrum of turbulent flow scenarios. It is
imperative for future research efforts to go beyond the current bound-
aries and unravel the working range and performance limits of these
models in turbulent flow applications. By pushing the boundaries of
deep learning techniques, we can gain deeper insights into their appli-
cability and efficacy, paving the way for advancements in turbulent
flow prediction and analysis. This comprehensive investigation will
contribute to a more thorough understanding of the capabilities and
limitations of deep learning models, allowing for their optimal utiliza-
tion in real-world turbulent flow scenarios.
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