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Abstract

Machine learning prediction of turbulent bursting in near- and far-wake flow zones past
two horizontal cylinders was studied in the present article. Based on the bursting dataset,
two predictive models were constructed using Artificial Neural Networks (ANNs) and
Support Vector Regression (SVR) with stress ratios as target values for each bursting event.
After analyzing a number of plots, it was observed that the ANN and SVR models achieved
satisfactory estimation accuracy, with minor overfitting specifically in the case of ANN
models. By using deep learning for quadrant analysis and highlighting the adaptability of
machine learning methods in open-channel turbulence, the current work should strengthen
the understanding of bursting occurrences in bluff-body hydrodynamics.

Keywords: open channel flow; bursting; neural network; support vector machine

1. Introduction

Wake flow downstream of a wall-mounted bluff body has continued to be of interest
to hydraulicians because it may be used in a variety of real-world hydraulic engineering
environments, such as geophysical and environmental flow structures. The erosion of
riverbeds brought on by hydraulic structures is mostly dependent on the wall-wake flow,
which is the extended interrupted flow zone downstream of a wall-mounted obstacle. A
number of studies on open-channel turbulence from 1960 to 1970 (Kline et al. [1]; Corino
and Brodkey [2]; Grass [3]) showed that the flow pattern near the wall in a turbulent
boundary layer is repetitive and takes the form of a quasi-cyclic process, known as the
bursting process. Nonetheless, one of the most efficient and straightforward methods for
comprehending turbulent bursting in two dimensions is the quadrant analysis which Lu
and Willmarth proposed [4].

So far as the measurement and analysis techniques are concerned, several researchers
tried over the past few decades to build the velocity profile and comprehend the turbulent
structure in open-channel flow. Particle Image Velocimetry (PIV), Laser-Doppler anemome-
ters, Acoustic Doppler velocimeters, and particle-tracking velocimeters were utilized in
laboratory experiments and field research. These investigations validated the mathemat-
ical description of turbulence regimes and revealed qualitative patterns of turbulence
in open-channel flow. However, in spite of taking sufficient precautions, there remain
some locations where capturing the data by using any instrument becomes difficult, and
sometimes there is a possibility of acquisition erroneous data due to the limitations of the
measuring instruments, no matter how sophisticated they are. Given the shortcomings

Water 2026, 18, 1568

https:/ /doi.org/10.3390/w18131568


https://crossmark.crossref.org/dialog?doi=10.3390/w18131568&domain=pdf&date_stamp=2026-06-26
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/water
https://www.mdpi.com
https://orcid.org/0009-0002-2445-8289
https://orcid.org/0009-0004-8267-8567
https://doi.org/10.3390/w18131568

Water 2026, 18, 1568

20f17

found in turbulence measurement, numerous scholars have underscored the necessity of
enhancing laboratory and field investigations. The creation of different approaches is also
necessary in order to properly handle the simulation of complex circumstances in open
channels. Researchers from a wide range of scientific and engineering fields are currently
becoming more interested in artificial neural networks, or ANNs. Additionally, ANNs
have shown promise in the fields of hydrology and water resources. For instance, Chang
et al. [5] assessed the viability of utilizing artificial neural networks to simulate the mean
velocity and turbulence intensity profiles for steep open-channel flows across a smooth
boundary. The results showed that while the log law and Reynolds Stress Model (RSM)
were less successful at simulating the velocity profiles close to the side wall, ANN could
accurately replicate the velocity profiles. Yang and Chen [6] used ANN to investigate
possible hazards from the standpoint of flow monitoring in big open-channel junctions.
The outcomes demonstrated the ANN’s ability to dependably and precisely reproduce
the mean velocity profiles. Ma et al. [7] employed direct numerical modeling of bubbly
multiphase flows with neural networks to derive closure terms for a basic average-flow
model. After being trained on a dataset from a single simulation, the ANN was used to
model how different initial conditions will evolve. All things considered, the generated
model did an adequate job of predicting how the different initial conditions will evolve.
The ability of ANN models to represent and model the velocity distributions of coupled
open-channel flows was examined by Sun et al. [8]. The majority of the uncertainty, accord-
ing to their results, came from the initialization of the ANN model parameters. In order to
lessen the primary source of uncertainty, an ANN model training approach was created.
Models were trained over a number of runs using random model parameter initializations,
and the model that performs the best was chosen. Drikakis and Sofos [9] highlighted
algorithmic issues, reviewed the existing literature on machine learning (ML) and deep
learning for fluid dynamics, and talked about possible future paths. According to them, it
is crucial that AI (Artificial Intelligence) and ML techniques go beyond basic prediction
tasks and delve deeply into interpretability and causality. If the output follows physical
rules, then its potential impact would be quite significant. In the instance of coupled open-
channel flow, Yang et al. [10] assessed the suitability of the ANN for simulating velocity
profiles and velocity contours and calculating the discharges correspondingly. The findings
showed that the ANN can accurately forecast the discharges for the conditions under
investigation and could simulate the velocity profiles. In the paper by Yuhong et al. [11],
two input parameters—the Reynolds number and the relative roughness—were used to set
up a three-layer ANN model to forecast the friction factors of an open-channel flow. The
successful implementation showed that ANN modeling might be a practical and efficient
tool in engineering practice, and it could be used to assess classic hydraulic problems,
the majority of which were based on laboratory experiments. Fang et al. [12] focused on
modeling the Reynolds stress closure for the particular case of turbulent channel flow and
suggested three changes to a conventional neural network to take the anisotropy tensor’s
no-slip boundary condition, the Reynolds number dependence, and spatial non-locality
into consideration. When the updated models were trained and evaluated on channel
flow in various Reynolds numbers, it was demonstrated that they yield higher predictive
accuracy than the conventional neural network.

Beyond the configuration taken into consideration in this study, machine learning
has been widely adopted in industrial fluid mechanics. Data-driven models provide a
computationally efficient method of prediction, optimization, and control for flows that
are too costly or complicated to handle with high-fidelity simulation alone [13,14]. Deep
learning models have been used to reconstruct near-wall flow fields in wall-bounded tur-
bulence and to guide active control strategies aimed at achieving objectives like improved
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mixing and drag reduction [15]. One application that is especially pertinent is pipeline
transport. Friction drag is still a persistent source of energy loss in the transportation of oil
and natural gas through pipelines. In order to support turbulence-based control strategies
for drag reduction, recent studies have used deep-learning models to predict turbulent
pipe-flow fields that generalize across operating conditions [16]. The same reasoning holds
true for rotating fluid machinery. Machine learning is increasingly being used for the
design optimization, performance prediction, and fault diagnosis of pumps, hydraulic and
wind turbines, compressors, and torque converters, which are essential to industries from
aerospace and petrochemicals to water conservation and medical engineering [17]. This
is demonstrated by centrifugal and multistage pumps, where conventional surrogates for
estimating efficiency, head, and pressure pulsation have been largely replaced by surro-
gate models built from neural networks, support vector regression, and Gaussian-process
techniques [18]. Therefore, the present approach is a component of a larger and rapidly
developing initiative to incorporate data-driven methods into industrial fluid machinery.

The aforementioned discussion indicates that a lot of research has been carried out
on both the development of machine learning models to analyze fundamental turbulent
flow characteristics like velocity and intensity as well as the experimental investigation
of turbulent bursting in open-channel flow; however, there is no study in the literature
that compares experimental bursting results with machine learning predictions. Sarkar
et al. [19] demonstrated how flows are affected in the presence of two cylinders, ranging
from fundamental turbulent aspects like Reynolds Shear Stress (RSS) and intensities to
complex features like TKE dissipation rate and budget. Furthermore, Samanta et al. [20,21]
offered a number of advanced evaluations in the same experimental conditions, such
as correlation coefficient, stress anisotropy, and turbulent bursting. Thus, this paper
concentrates on estimations of turbulent bursting occurrences in the near-wake and far-
wake zones downstream of two horizontal cylinders in order to expand on our earlier
work. Based on the bursting dataset, two widely accepted machine learning algorithms,
Artificial Neural Network (ANN) and Support Vector Regression (SVR), have been used
for this purpose in order to construct two predictive models, which will be considered
as an additional method of experimental investigation. Furthermore, it is prudent to
acknowledge the very chaotic character of open-channel flow. Therefore, our current
findings should be strengthened by the validation of our findings incorporating the ANN
and SVR. Researchers in several domains, such as computer scientists and data analytics,
should be motivated by the addition of ANN and SVR.

2. Experimental Details

The analysis of the present study is based on the experimental data of Sarkar et al. [19]
and Samanta et al. [20], where detailed description of the open-channel setup and other
relevant information are provided. The experiment was carried out in the Fluvial Mechanics
Laboratory of the Indian Statistical Institute in Kolkata, India, in a rectangular-shaped flume
of length 20 m, width 0.5 m, and height 0.5 m with transparent Perspex sidewalls, which is
depicted in Figure 1. The working medium in this study is water. The flow was supplied
and recirculated by two centrifugal pumps; furthermore, the bed was made rough by
uniformly pasting gravel of median size d = 2.49 mm at a streamwise slope S = 3 x 10~%.
The relevant flow parameters are as follows: incoming flow depth & = 0.25 m, and depth-
averaged velocity Uy = 0.44 ms~!. Two horizontal cylinders of diameter D = 0.038 m
were placed one above the other with a spacing equal to one cylinder diameter. The
flow was subcritical and turbulent, with Froude number Fr = 0.28 and Reynolds number
Re = 440,000. The instanteneous velocity component data were collected with an Acoustic
Doppler Velocimeter (ADV) named Vectrino plus through the centerline of the flume.
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The Vectrino system was implemented with a sampling rate of 100 Hz and an acoustic
frequency of 10 MHz. In order to prevent the bottom wall from affecting the sampling
volume, we commenced data collection just 3 mm above the gravel bed. We subsequently
raised the sampling height by 2 mm. The data were gathered at each location for 240 s in
order to obtain a time-independent time-average velocity profile. The uncertainty analysis,
which was reported in detail in our previous works, indicated that velocity components
maintained standard deviations below 0.5 cm/s and the average maximum error was
under 5%. Since the models are trained on time-averaged quantities from a 240 s record,

the influence of this small measurement uncertainty on the predictions is expected to
be limited.

Figure 1. Photograph of the experimental setup.

Spikes often interfere with the gathered data because of the interaction between the
incident and reflected pulses. The data were filtered using the acceleration thresholding
technique, a spike removal method that could separate and replace the spikes in two
phases. However, it was discovered that the Kolmogorov “—5/3 scaling-law” for the
velocity power spectra Fj;(f) in the inertial subrange, where f is the frequency, was satisfied
by the threshold values (1 to 1.5) for data cleaning. For example, Figure 2 displays the
Fi(f) at a height of z = 2.75D and a streamwise distance of x = 1D following the spike
elimination. The filtered signals of F;;(f)-curves are consistent with the “—5/3 scaling-law”
in the inertial subrange for f > 0.5 Hz.
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Figure 2. Power spectra density function of velocity after despiking, F;;(f) at a vertical distance of
z = 2.75D and a streamwise distance of x = 1D.
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3. Artificial Neural Network (ANN) Formulation

Inspired by biological neuron processing, neural networks use artificial neurons with
a very simple connective structure to execute computations akin to those of the brain. A
number of neural networks, including the multi-layer perceptron neural network, the self-
organizing network, the fuzzy neural network, and the radial basis function neural network,
were developed after McCulloch and Pitts [22] developed the first neural network. The
Multi-Layer Perceptron (MLP) neural network is a widely used neural network type that
has been successfully applied for adaptive identification of diverse non-linear processes. An
input layer, one or more hidden layers, and an output layer are the various layers of nodes
(neurons) comprising a Multi-Layer Perceptron (MLP), a kind of feedforward artificial
neural network. Every node in one layer is linked to every node in the other layer, and
each connection has a weight attached to it. MLPs are trained using supervised learning,
often with backpropagation and gradient descent-based optimization algorithms [23].

Figure 3 schematically shows the working procedure of a MLP neural network. There
are three layers in it: input, hidden, and output. Numerous neurons, the basic building
blocks of the network, are present in each layer. The input vector containing the training
patterns is sent to the input layer. The way the input variables interact is represented by
the hidden layer. A result is transported to output vectors via the output layer.

Input

5

ol

( i Hidden '

L] ]

( i Output \

L] ]

Figure 3. Schematic diagram of ANN.

*  wrepresents the weight associated with each input connection to a neuron.

e b denotes the bias of the neuron, which acts as a constant threshold value.

*  The summation operator (+) then adds up the product of each input and its respective
weight, along with the bias term.

This combined value becomes the input to the neuron’s transfer function, by which
the learning process moves from the input layer to the hidden layer and finally to the
output layer. Trial-and-error methodology is used to identify the number of neurons on the
hidden layer. Increasing the count of neurons gradually continues until the ANN model
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performance meets the desired level or until adding more neurons does not significantly
improve the performance. Here, the optimal number of hidden layers is found out to be
10. To move weighed sums from neurons to neuron outputs, transfer functions that model
non-linear relations are required. The output layer uses a linear transfer function, whereas
the hidden layer uses a logistic-sigmoid transfer function, described as follows [24]:

flt) =t ©)

1

T itet @

g(t)

Here, the Levenberg-Marquardt (LM) training technique is applied to determine precise
predictions by an iterative adjustment in bias and weight. The algorithm is intended to
generate the best result as soon as the least mean squared error is obtained. Numerous
earlier studies have demonstrated the effectiveness of the LM approach in training ANN
models [23,25-27]. If not specified, all accessible data will be divided into three sub-datasets
for the purposes of testing, validating, and training artificial neural networks (ANNs). The
training process is stopped when the ANN model’s validation performance does not
increase, and this decision is made based on the validation dataset.

4. Support Vector Machine and Regression (SVM and SVR) Formulation

On the basis of statistical learning theory, Vapnik [28] created the reliable and effective
algorithm known as Support Vector Regression (SVR). It gained popularity as a result of its
effective use in regression and classification jobs to obtain the lowest possible regression
error, particularly for time series forecasting [29]. As a result, researchers that use SVR
for time series forecasting, mostly in the water resource field, typically ignore margin
setting options that modify cost function to obtain lower RMSE [30]. The efficacy of the
non-linear SVR is contingent upon the margin constant parameter C, the e-insensitive loss
function, and 7 [31]. Changing one of them has an impact on the other as they are highly
interconnected. SVR maps the input x onto an m-dimensional feature space using a fixed
(non-linear) mapping process before building a linear model in this feature space. Using
a non-linear function ¢ : x — f to translate our data from the input space X to a feature
space F is the crude method of creating a non-linear classifier from a linear classifier. The
discriminating function in space F is as follows:

f(x) = wle(x)+b 3)

Which subsequently takes the following form:

f(x) =Y aik(x,x;) + b )

where «; is the coefficient of linear combination of input vectors, and k (x, x;) is known
as the kernel function. Since SVM has a large number of kernel functions, choosing an
appropriate kernel function is a research question as well. Nonetheless, there are a few
widely used kernel functions as follows:

e  Linear Kernel: k(x,y) = xTy.

¢  Polynomial Kernel: k(x,y) = (yxTy + r)d, d being degree of the polynomial.
2

e Gaussian Kernel: k(x,y) = exp (—xyl) .

202

It is commonly recognized that the kernel parameters and the model parameters C, v,
and r must be adjusted properly for good SVM generalization performance (accuracy in
prediction) to be achieved. The predictive (regression) model complexity is determined
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by the decisions made by C, v, and r. Due to the SVM model’s dependence on all three
parameters for complexity and, consequently, generalization performance, the challenge of
optimum parameter selection is made significantly harder. Exploring the hyperparameter
space manually is one way to accomplish this, but it takes time and raises the risk of
producing predictions that are off. Therefore, it is possible to optimize parameters using a
number of techniques that have been published in the literature [32,33]. Nevertheless, in
our instance, manual search was sulfficient to yield an ideal set of hyperparameters with a
respectably low MSE.

5. Computational Methodology

ANN and SVR algorithms have been implemented using MATLAB software (MATLAB
R2024a). There is one target variable, five features, and 504 observations in the dataset
that was used to train the model. Streamwise distance (x/D), vertical distance (z/D),
and average velocity components (#,7,w) are being taken as input features, whereas
stress ratio data from all four events (S;) have been taken into consideration one by
one for the output in order to built four different prediction models. The four events,
namely, outward interactions (Q; event at quadrant I), ejections (Q event at quadrant
II), inward interactions (Q3 event at quadrant III), and sweeps (Q4 event at quadrant
IV), were selected as response variables due to their significance in characterizing the
overall system behavior and capturing variations in the underlying process dynamics.
Predicting these responses enables the development of reliable data-driven models capable
of estimating system performance under different operating conditions without the need
for repeated experimental or computational evaluations. In this study, ANN and SVR
models were employed to learn the complex relationships between the input parameters
and the corresponding event responses. The prediction of these events is particularly
important for improving computational efficiency, reducing analysis time, and facilitating
rapid assessment of system behavior. Furthermore, accurate prediction of Q1-Q4 provides
a practical framework for future optimization and decision-making applications using
machine learning approaches.

Readers may find a description of the dataset taking S, o as output in Table 1. In the
instance of ANN modeling, the whole set of data was randomly divided into three portions:
70% for training, 15% for validation, and 15% for testing. However, in the case of SVR,
data are divided into training and testing segments at a ratio of 7 to 3. While designing the
SVR model, several kernel functions, including Gaussian, radial, linear, and polynomial,
were used; the Gaussian function performed better than the others. Table 2 contains all
the hyperparameter information. To compare the SVR and ANN models’ performances
equitably, the same dataset that was used to train the SVR model was also used to train the
ANN model, likewise with regard to the test dataset.

The creation of the aforementioned network by itself does not meet the criteria needed
to qualify as an efficient prediction model. It is predicated on the accuracy report of the
model, for which a variety of quantifiers are accessible in the literature. These include Mean
Squared Error (MSE), Coefficient of Determination (R), and Margin of Deviation (MoD).
When the model is being trained, validated, and tested, these parameter settings—which
are described below—will guarantee the accuracy of the stress ratio prediction.

1 , NS
MSE = — )3 (Yzl‘lNN/SVR - Yllfxp) ()

L (YZNN/SVR - Y}éxp)z

R=1- N2
L (Vi)

(6)
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Table 1. Brief description of the data used for the training, validation, and testing of the ANN and
SVR models taking S, g as a response.

zID x/D u 4 w S2,0

0.052632 -2 0.065533 0.004847 —0.00024 1.289756
0.105263 -2 0.158147 0.007837 0.001427 1.116914
0.157895 -2 0.186979 0.013238 —0.00015 0.887275
0.210526 -2 0.217836 0.015306 —0.00023 0.787628
0.263158 -2 0.230588 0.016854 0.000187 0.794145
0.315789 -2 0.243035 0.013036 0.000237 0.800398
0.368421 -2 0.256859 0.021642 6.20 x 107> 0.954617
0.421053 -2 0.273217 0.025325 —0.00068 0.921584
0.473684 -2 0.276254 0.021658 —0.00037 0.785573
2.894737 10 0.315072 0.028404 —0.012 0.886
3.026316 10 0.327843 0.028377 —0.01333 0.94197
3.157895 10 0.326917 0.043679 —0.01365 0.895
3.289474 10 0.335137 0.021997 —0.01059 0.911414
3.421053 10 0.349977 0.032986 —0.01316 0.86194

Table 2. Details of the hyperparameters used in the SVR model.

SVR Hyperparameters Used Values

C 150

€ 0.01
Kernel function Gaussian

6. Results and Discussion

One of the data sources utilized to examine the ANN models’ learning and training
processes involves analyzing the model training performance visualizations. Figure 4 shows
the four model performances throughout the processes of testing, validation, and training.
The graph displaying the calculated MSE values for the provided dataset makes it clear
that the MSE values are high at the start of the training phase. In the case of the S; 9 model,
after the second epoch, the training and validation errors are becoming asymtotic to the
epoch axis, which indicates the model is starting to converge, and the model’s performance
has been improved up to the ninth epoch, or iteration, with a raised profile for validation
being visible henceforth. After the ninth epoch, there are six consecutive validation failures
observed, which means the iteration ends to provide the best-performing ninth epoch
with the lowest MSE value. Here, validation fails occur as the model’s performance on
the validation dataset starts to degrade or does not improve after the best performing
epoch. These findings are indeed supported in Figure 5b, where the gradient of the error
function and the failure of validation serve to illustrate the training state. It shows that the
error gradient is minimal at the ninth epoch, after which it depicts a tendency for gradual
increment, leading towards consecutive validation failures. The model performance for
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the rest of the stress ratios can be explained in a similar manner, which provides the best
performing epoch as 40, 25, and 77 for the Sy, S30, and S4 9 models, respectively.

Best Validation Performance is 0.23843 at epoch 40

Best Validation P

is 0.28815 at epoch 9
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Figure 4. Model performance throughout the processes of testing, validation, and training for (a) S1 9,

(b) S2,0, (¢) 53,0, and (d) S4 as responses.
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Figure 5. Gradient of the error function and the failure of validation in the ANN model for (a) Sy,

(b) S2,0, (c) S3,0, and (d) Sy as responses.
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An additional technique to evaluate the training performance of ANNSs is the exami-
nation of error histograms, which display the errors made during the processes of training,
validation, and testing. The MLP neural network’s error histogram, displayed in Figure 6,
displays errors committed during training for all the stress ratio models. Based on the
findings of the error histograms, a small amount of error is made at every level of the ANN
model. The zero error line, shown by the orange line on the data histogram, indicates the
location of the largest concentration of errors. The errors as graphically indicated follow
normal distribution with the mean coinciding with the zero error line. This indicates that
the majority of the predictions have errors close to zero, meaning that, on average, the
ANN model is making predictions very near the true values. The vertical line at zero error
essentially represents instances where the predicted values match the true values. The
error distribution is consistent across the training, validation, and test datasets, suggesting
good generalization.

Error Histogram with 20 Bins Error Histogram with 20 Bins

R Training
[ Validation
I st

Zero Error

200

200 -

Instances
Instances

100
100 |

2.363
1.438
31

Errors = Targets - Outputs Errors = Targets - Outputs
(a) (b)
Error Histogram with 20 Bins Error Histogram with 20 Bins

250 200
180
200 160 |-
140
120

100

Instances
Instances

0.7442

1
Errors = Targets - Outputs Errors = Targets - Outputs
() (@)

Figure 6. Error histogram in the ANN model for (a) 51, (b) S2,0, (¢) S3,0, and (d) S4 as responses.

The MSE values for each of the data used to train both ANN and SVR models are
shown in Figure 7 using vertical bars for all stress ratio models. When the models are
subjected to a fresh dataset, it is evident that the projected MSE values produce pretty
low results, suggesting appropriate training and reliable prediction. In the case of both
models, the initial MSE values were quite large, indicating modeling complexity with the
dataset from the near-wake zone. The Margin of Deviation (MoD) values for the ANN
and SVR models are represented by the data points in Figure 8. It is found that these
values tend to be low and close to the line of zero deviation, with average deviation
values 2.4% and 0.84%; 2.83% and 7.06%; 7.08% and 7.01%; and 2.23% and 4.35% for the
Sio, i = 1...4 models, respectively. It indicates that in terms of deviation both ANN and
SVM performances are excellent for prediction task as their deviations are within 10%.
Again, near-wake zone models are struggling to produce a good fit with the large MoD
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values, supported by the findings in Figure 7. It is worth analyzing why both models
exhibit their largest deviations in the near-wake zone. This region is physically distinctive
from the rest of the flow because it is dominated by flow reversal, recirculation, and
strong bursting events, which lead to sharply peaked and high-magnitude stress ratios, in
contrast to the uninterrupted upstream flow and the gradually recovering far-wake zone
(see Sarkar et al. [19] and Samanta et al. [21] for the detailed turbulence characterization of
this configuration). Consequently, the near-wake zone produces a small number of extreme,
high-variance samples to the dataset which the models will treat as outliers. Since both
the ANN and SVR are trained to minimize overall error, they fit through the data with
moderate variances, and they underrepresent these outliers located in the near-wake zone,
due to which such large prediction errors are observed in this specified zone only.
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Figure 7. The MSE values for each of the data used to train both ANN and SVR for (a) 51,9, (b) S2,0,
(c) S3,0, and (d) Sy as responses.
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At every step, the degree to which the projected data match the original data well
is evaluated using the coefficient of determination (R). A model’s quality of agreement is
essentially shown by an R that is closer to 1. In all ANN models, the R values from training
and testing, respectively, are 0.79896 and 0.75715; 0.71405 and 0.65682; 0.81043 and 0.60526;
and 0.82416 and 0.63197, for the S;, i = 1...4 models, as shown in Figure 9, where most
of data plotted are fallen onto the line. This essentially indicates that the ANN model has
high prediction accuracy. It is observed that, in most cases, the testing accuracy is relatively
smaller than the training accuracy, which is acceptable as it is conventional for the model
to underperform a little under the exposure to a new dataset. With R values for training
and testing 0.6185 and 0.6613; 0.6049 and 0.6119; 0.6132 and 0.6208; and 0.6455 and 0.6363,
respectively, for the SVR model, Figure 10 shows a similar feature. As observed for the
51,0 model, ANN performs fairly well compared to SVR in terms of accuracy. For the Sy
model, ANN is found out to be more efficient for predictive tasks than SVR. But it is more
challenging to conclude which is the best performing model in the case of the S3y and
S40 models. If the overall accuracy is taken into account, it seems that the ANN model is
better performing than SVR; however, there are significant drops in testing accuracy being
observed for ANN models. A significant difference between the training accuracy (0.81,
0.82) and testing accuracy (0.60, 0.63) typically indicates overfitting. Overfitting occurs
when a model learns the training data too well, including its noise and details, resulting
in poor generalization to new, unseen data. Hence, to obtain a more reliable prediction
accuracy for unknown data and to avoid overfitting, SVR is recommended for stress ratio
models Sz and Sy.
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Figure 9. Cross plots illustrating the second quadrant’s actual and ANN-generated values in the following
four phases: training, validation, testing, and overall for (a) 51, (b) S2,0, (¢) S3,0, and (d) S as responses.
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Figure 10. Cross plots illustrating the second quadrant’s actual and SVR-generated values in the
following three phases: overall, training, and testing for (a) S1, (b) Sz, (c) Sz, and (d) Ssp
as responses.

7. Conclusions

This study aims to illustrate a predictive model building approach towards the es-
timation of turbulent bursting in an open-channel flow with two horizontal cylinders
acting as bluff bodies. In order to present an alternative approach of bursting evaluation
without experimental setup, two machine learning algorithms, Artificial Neural Network
and Support Vector Regression, have been modeled and discussed. The numerical values
of the stress ratios for all events generated by the ANN or SVR models and their experimen-
tal values have minimal deviations according to the MoD results. Due to the overfitting
issues observed in the case of ANN, especially for models with response S3 9 and S4, SVR
is recommended for the said models. Upon comparison of all three stress ratio values
obtained from experimental, ANN, and SVR models, it is found that the models were
unable to accurately anticipate in a few positions, particularly at the near-wake zone of the
bluff-bodies. In summary, the recommended ANN and SVR models have been built in a
way that offers an additional approach for predicting stress ratios for all bursting events
with high accuracy and acceptable error rates, especially at those positions where it is not
feasible to perform experimental data collection.

Collecting highly accurate experimental data for open-channel flow requires sophisti-
cated measurement techniques and equipment such as Particle Image Velocimetry (PIV),
which can be costly and time-consuming. As a result, there may be limited quantities
of high-quality experimental data available for training ML models, potentially leading
to issues such as overfitting. Also, it is important to remember that because the models
presented here were developed using the data gathered from the experimental setup, they
are only applicable to wall-wake flow past two horizontal cylinders. As such, we do not
expect the models to have particularly high prediction accuracy when employed with
bluff bodies other than cylinders. Therefore, our next aim would be to integrate machine
learning with physics-based models [34], which offers a potential solution to enhance
predictive accuracy while maintaining physical interpretability. Lastly, Ensemble learning
techniques [35], such as model averaging or stacking, will be employed to mitigate the
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limitations of individual models and improve overall prediction accuracy across diverse
bluff bodies and flow conditions.
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