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Abstract

In the oil and gas industry, understanding two-phase (gas-liquid) flow is pivotal, as it directly influences equipment de-
sign, quality control, and operational efficiency. Flow pattern determination is thus fundamental to industrial engineer-
ing and management. This study utilizes the Tree-based Pipeline Optimization Tool (TPOT), an Automated Machine
Learning (AutoML) framework that employs genetic programming, in obtaining the best machine learning model for a
provided dataset. This paper presents the design of flow pattern prediction models using the TPOT. The TPOT was ap-
plied to predict flow patterns in 2.5 cm and 5.1 cm diameter pipes, using datasets from existing literature. The datasets
went through handling of imbalanced data, standardization, and one-hot encoding as data preparation techniques be-
fore being fed into TPOT. The models designed for the 2.5 cm and 5.1 cm datasets were named as FPTL_TPOT_2.5 and
FPTL_TPOT_s.1, respectively. A comparative analysis of these models alongside other standard supervised machine
learning models and similar state-of-the-art similar two-phase flow prediction models was carried out and the insights
on the performance of these TPOT designed models were discussed. The results demonstrated that models designed
with TPOT achieve remarkable accuracy, scoring 97.66% and 98.09%, for the 2.5 cm and 5.1 cm datasets respectively.
Furthermore, the FPTL_TPOT_2.5 and FPTL_TPOT_s.1 models outperformed other counterpart machine learning
models in terms of performance, underscoring TPOT'’s effectiveness in designing machine learning models for flow pat-
tern prediction. The findings of this research carry significant implications for enhancing efficiency and optimizing in-
dustrial processes in the oil and gas sector.
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the petroleum industry. Prediction of multiphase flow
characteristics (flow pattern and liquid hold-up) in the
petroleum industry is key for pressure gradient determi-
nation, which is very necessary for sizing production
facilities in the field for optimum production (Attia et
al., 2013; Duru et al., 2022). Researchers have carried
out studies to achieve optimum production through vari-
ous methods of pressure gradient prediction. Flow pat-
tern is a spatial distribution of different phases of fluid
flowing simultaneously in a pipe or conduit. It is an im-

1. Introduction

Some engineering industries, such as chemical, geo-
thermal, and petroleum, experience multiphase flow
(Abduvayt et al., 2003; Shoham, 2006; Jahanandish
et al., 2011, Malbrel et al., 2024). Multiphase flow
could be liquid-liquid, gas-liquid, or even solid-liquid in
the case of two-phase flow. In the case of three-phase
flows it could be gas-oil-water, oil-water-solid or gas-
liquid-solid. Two-phase gas-liquid is the most common

multiphase flow in the oil and gas industry and is consid-
ered as an important research domain. The uniqueness
and the properties of phase components, length and di-
ameter of well-bore tubing, pipeline, and inclination an-
gle contribute to the complexity of multiphase flow in
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portant characteristic of multiphase flow in several in-
dustrial applications (Lin et al., 2020) and several flow
patterns have been identified in horizontal and vertical
flow in the industry.

On the other hand, Machine Learning is an active do-
main under Artificial Intelligence (Al), focusing on de-
signing systems or models for making computer systems
to learn, predict and make decisions based on the given
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data, without being explicitly programmed. It involves
the design and development of computational models
that can analyse and interpret large amounts of data,
identify patterns, and learn from them to improve perfor-
mance over time. Although the machine learning models
provide an ability to predict the output from a given
dataset, the accuracy of the machine learning model is
considered extremely important.

Since the accuracy of the model directly relates to the
precision of the prediction made by the machine learning
model, it is extremely important to design a machine
learning model that has a higher level of accuracy without
over-fitting the data. To achieve this, several approaches
can be employed, including the utilization of various
models (Hernandez et al., 2019; Rushd et al., 2022;
Mask et al., 2019), hyperparameter tuning for optimizing
the machine learning model (Uthayasuriyan et al., 2023;
Muthaiah et al., 2019; Batchu and Seetha, 2021), and
hybridization of the machine learning model with Evolu-
tionary Algorithms (EAs) (Jayakumar and Raju, 2011;
Anusha et al., 2015, Uthayasuriyan et al., 2024). How-
ever, it is a time-consuming process to evaluate all the
designed models in terms of achieved accuracy.

With the help of AutoML, the process of building and
optimizing the Machine Learning pipelines can be done
effectively (Spandana et al., 2023). Among the availa-
ble AutoML models, Tree-based Pipeline Optimization
Tool (TPOT) follows the work flow of genetic program-
ming algorithm to search and select the best machine
learning model for a given dataset. It explores a large
search space of possible machine learning model pipe-
lines, including data preprocessing, feature selection and
dimensionality reduction techniques. This paper aims to
design machine learning models using the TPOT library
for predicting the flow pattern in two-phase gas-liquid
flows and provides a comparison of the resulting models
with other standard machine learning models.

2. Automated Machine Learning
with TPOT

The core concept of machine learning revolves around
creating mathematical models that can automatically
learn and adapt by learning the patterns in data or through
previous experiences (Hafsa et al., 2023; Uthayasuri-
yan et al., 2023). These models can be trained using a
diverse range of datatypes, such as images, text, or nu-
merical values, and various techniques are employed to
extract meaningful features and relationships from the
data. The machine learning algorithms utilize these ex-
tracted features to generalize and make predictions or
take actions on new, unseen data. One of the key advan-
tages of machine learning is its ability to handle complex
problems and large datasets more efficiently than tradi-
tional rule-based programming (Kim et al., 2020; Ma-
nami et al., 2023; Barjouei et al., 2021).

The presence of numerous machine learning algo-
rithms and the complexity involved in tuning its hyper-
parameters makes it difficult to evaluate them and to find
the most suitable model for a particular dataset. To ease
this process, AutoML (Automated Machine Learning)
has been used. AutoML utilizes advanced algorithms,
optimization techniques, and heuristics to automatically
search, evaluate, and select the best performing machine
learning models.

TPOT is an AutoML library that has genetic program-
ming in its framework (Le et al., 2020, Olson et al.,
2016a, Olson et al., 2016b). This allows TPOT to auto-
matically discover complex combinations of pre-pro-
cessing and modelling steps that might be challenging to
determine manually. It is capable of finding the right ma-
chine learning model to perform classification, regres-
sion, and time series forecasting tasks (Yusof et al.,
2024). The working of TPOT involves several steps that
include initialization, evaluation, followed by genetic
programming and producing the output of the best-found
machine learning model pipelines. The workflow of
TPOT is represented in Figure 1.

TPOT randomly generates several pipelines as an ini-
tial population, where each pipeline consists of a random
sequence of machine-learning operators. After initializa-
tion, the fitness of each of the pipelines is evaluated us-
ing metrics such as accuracy, and mean squared error.
Additionally, cross-validation is done to assess the pipe-
line’s performance on different subsets of the training
data. The fitness score reflects how well the pipeline per-
forms on the evaluation metric.

Genetic programming, as depicted in Figure 2, is
used to evolve the population of pipelines over multiple
generations. It selects the best-performing pipelines
based on their fitness scores, that are put in the mating
pool. The pipelines present in the mating pool undergo
the genetic operators of crossover and mutation to create
new pipeline offspring. In the crossover operation, TPOT
selects two parent pipelines and combines their sequence
of operators to create a new offspring pipeline. The com-
bination can occur at a specific operator or a subse-
quence of operators. Whereas in the mutation operation,
TPOT randomly modifies an operator within a pipeline
by replacing it with a different one or introducing new
operators. This set of genetic operators allows TPOT to
explore a wide range of pipeline configurations. This
process is done iteratively for a specified number of gen-
erations or until a termination condition is met. After the
specified number of iterations, TPOT selects the best-
performing pipeline from the final population. Although,
TPOT evaluates several machine learning pipelines,
only the best performing pipeline is retrievable and can
be extracted. This pipeline represents the optimized so-
lution (machine learning pipeline designed) for the giv-
en dataset. The settings of TPOT used specifically in this
research is discussed in Section 5.
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Figure 2: Workflow of genetic programming

3. Design of experiments

In the oil and gas industry, the reservoir fluids are pro-
duced to the surface as soon as the well is drilled and
completed. The reservoir fluids include oil, gas and wa-
ter and these must be processed at the surface. For prop-
er planning and handling of these fluids, operators must
understand the basic physics of fluid flow in the pipe or
wellbore for optimal design of surface facilities (Ganat
and Hrairi, 2018).

The TPOT AutoML library in python programming
language has been used to design optimal machine learn-
ing models for various prediction tasks. Since the dataset
that is to be provided as the input to the TPOT must have
been framed out of some experimental results, the re-
search done by Dvora Barnea, Ovadia Shoham, and Ye-
huda Taite in (Barnea et al., 1980) has been considered.
The work presented in (Barnea et al., 1980) involves
experiments using horizontal and inclined pipes to ob-
serve and analyze the flow patterns.

It is worth noting that the research work presented in
this paper was carried out based on the datasets gener-
ated and presented by Barnea et al. (1980). In all the
experiments, the exact setup was replicated or they were
kept similar. This study aims at depicting the way of us-
ing one of the advanced machine learning techniques,
that is AutoML, for automated design of machine learn-
ing models for identifying the flow patterns in two phase
(gas - liquid) systems with the help of this well-struc-
tured dataset

Barnea and other authors considered various parame-
ters such as liquid and gas flow rates, pipe diameter, and
system pressure to study their effects on flow pattern
transitions. High-speed imaging techniques were uti-
lized to capture the flow patterns accurately.

The experimental observations reveal that the re-
searchers identified and classified different flow patterns,
such as Dispersed Bubble Flow, Stratified Smooth Flow,
Stratified Flow, Wavy Flow, Annular Flow, Intermittent
Flow, and Bubble Flow. They analysed the characteris-
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Figure 3: Flow Patterns observed in the prediction of two-phase flows (Shoham, 2006; Khaledi et al., 2014;
Hanazadeh et al., 2017; Thome, 2016; Haiyan et al., 2019; Su et al., 2022)

tics (Cheng et al., 2008) and behaviour of each flow pat-
tern (Wu et al., 2017; Almutairi et al., 2020) and iden-
tified the key factors that influence the transition be-
tween them (Al-Sarkhi et al., 2016). The study found
that the transition between flow patterns is primarily in-
fluenced by the liquid and gas flow rates, as well as the
pipe diameter. Additionally, system pressure was ob-
served to have an impact on the transition process.

Based on the data collected from the existing litera-
ture, machine learning models are created to predict the
flow pattern from the 2.5 cm dataset and 5.1 cm dataset.
The designed models are named as FPTL TPOT 2.5
and FPTL TPOT 5.1, respectively, for 2.5 cm and 5.1
cm datasets, in this research. The following subsection
provides a brief about the dataset description along with
the explanation of the parameters, and the design meth-
odology that involves data preparation and TPOT imple-
mentation.

4. Dataset description and pre-processing
of data

The data obtained from Barnea et al. (1980) has sev-
eral parameters which are useful to determine the flow
pattern of the systems. The commonly known flow pat-
terns are Dispersed Bubble Flow, Stratified Smooth
Flow, Stratified Wavy Flow, Annular Flow, Intermittent
Flow and Bubble Flow, as observed in several investiga-
tions under various settings and shown in Figure 3
(Shoham, 2006; Khaledi et al., 2014; Hanazadeh et
al., 2017; Thome, 2016; Haiyan et al., 2019; Su et al.,
2022). This study also observed same flow patterns us-
ing datasets from Barnea et al. (1980). A short descrip-
tion of these flow patterns can be seen in Thome (2016).

Understanding two-phase flow patterns is vital in oil-
gas industries, chemical engineering industries, and nu-
clear reactor design laboratories, etc. Accurate flow pat-
tern identification is key for system optimization, safety,
and efficiency. The features present in the dataset, con-

sidered for this study, are density of liquid, density of
gas, superficial viscosity of liquid, superficial viscosity
of gas, roughness of pipe, surface tension, inner diame-
ter of pipe, system pressure, angle of inclination, super-
ficial liquid velocity and superficial gas velocity. Of
these features, the liquid and gas density, liquid and gas
superficial viscosity, roughness of pipe, ST (surface ten-
sion) and ID (inner diameter of the Pipe) were observed
to be constant throughout the experiments on the data-
sets, making them unlikely in helping the machine learn-
ing model to identify the flow pattern. The parameters
that were observed to vary are System Pressure, Angle
of Inclination, Superficial Liquid Velocity, and Superfi-
cial Gas Velocity. They were considered as the feature
set. A short note on these parameters is presented below.

1. System Pressure (in N/m) - The pressure at which
the two-phase flow system operates is called as the
System Pressure. It affects the density, and com-
pressibility of the fluid phases, which in turn influ-
ences the flow patterns.

2. Angle of Inclination (in degrees) - In the petroleum
industry the oil wells can be horizontal, vertical, or
slanted. As seen earlier, orientation (angle of incli-
nation) of the wellbore or pipeline can affect the
flow pattern of the multiphase fluid in the pipe and
this has been considered during the machine learn-
ing model preparation.

3. Superficial Liquid Velocity (in m/s) - Superficial
Liquid Velocity (V) refers to the hypothetical
flow velocity of the liquid phase in gas-liquid two-
phase flow system, representing the average veloc-
ity of the liquid flowing through the system.

Vd:g
S A4

Description of Formula in Equation 1: As observed in
Barnea et al. (1980), V_ is calculated by dividing the
volumetric flow rate () of the liquid by the cross-section-
al area (A) of the pipe or channel carrying the flow, as
shown in Equation 1 and is measured in m/s.

(1)
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4. Superficial Gas Velocity (in m/s) - Superficial Gas
Velocity (V) denotes the velocity of the gas phase
in gas-liquid two-phase flow system, representing
the average velocity flowing through the system.

Ve == 2
Description of Formula in Equation 2: As observed in
Barnea et al. (1980), V_ is calculated by dividing the
volumetric flow rate ( of the gas by the cross-sectional
area (A) of the pipe or channel, as shown in Equation 2
and is measured in m/s.

With the considered feature set, the flow patterns
(representing various classes) are to be determined,
making it a classification problem. Additionally, the
work of Barnea et al. (1980), consisted of experiments
on a 10 m pipe length under two different diameters such
as 2.5 cm and 5.1 cm. These measurements indicate the
cross-sectional dimensions of the pipes through which
the two-phase flow was conducted. The selection of dif-
ferent pipe diameters was considered as an important
aspect of the experiment as it allows the investigation of
the influence of pipe size on flow pattern transitions. The
number of data points present in the 2.5 cm dataset was
2695 and the 5.1 cm dataset consisted of 2983 data
points. This paper uses the TPOT library in designing
machine learning model pipelines based on the datasets
obtained for two different pipe diameters 2.5 cm and 5.1
cm, to solve the classification problem of identifying dif-
ferent flow patterns, with the considered feature set.

4.1. Data preparation

Data preparation is a crucial step in machine learning
model creation that involves transforming raw data into
a format that is suitable for training a model. It includes
a series of techniques and operations aimed at organiz-
ing the data to enhance the performance and accuracy of
machine learning algorithms. The 2.5 cm and 5.1 cm
datasets were observed to be complete and devoid of any
missing or incomplete data points. Handling of imbal-
anced data, Standardization and One Hot Encoding
(Cerda et al., 2018) were performed in order to ensure
that the machine learning model is able to learn the data
accurately.

4.1.1. Handling of imbalanced data

In imbalanced data sets, the classes are unequally rep-
resented. In these datasets, one or more classes would
have fewer or higher number of instances than the other
classes. This is a common issue in many real-world data-
sets and also with the dataset of our interest. Usage of an
Imbalanced dataset leads the machine learning models
to be biased towards the majority class, as they prioritize
accuracy. Consequently, the model may achieve high ac-
curacy for the majority, while performing poor for the
minority class.

To handle this, the resampling techniques such as
Under-sampling and Over-sampling were used. Under-
sampling refers to bringing the number of instances of
the majority class to a number of minority levels and
Over-sampling refers to the creation of synthetic sam-
ples of the minority class to match the number of major-
ity class instances. The former might reduce the number
of samples present in the dataset, thereby compromising
the robustness of the model. The latter however is ben-
eficial as it adds extra samples.

For the datasets used in the experiments of this paper,
the over-sampling of data was carried out using the Syn-
thetic Minority Over-Sampling Technique (SMOTE) li-
brary. The SMOTE generates synthetic samples by inter-
polating the neighbouring instances of the minority
class. This was done by selecting a random instance
from the minority class, identifying its k nearest neigh-
bours, and creating new samples between the selected
instance and its neighbours by interpolation. Table 1,
represents the number of classes present in 2.5 cm and
5.1 cm datasets before and after using SMOTE. The
symbol “*” in Table 1 denotes that there was no pres-
ence of Bubble Flow in the 2.5 cm dataset. By introduc-
ing synthetic samples, SMOTE effectively increases the
number of instances in the minority class, providing the
model with a more balanced training dataset. This helped
in overcoming the bias towards the majority class and
allows the machine learning algorithm to learn from a
more representative set of samples/instances.

Table 1: Result of using SMOTE for handling Imbalanced

dataset
Fl For 2.5 cm dataset | For 5.1 cm dataset
ow
Sno Pattern Original |Resample| Original | Resample
count Count count Count
Dispersed
1 |Bubble 270 1384 325 1521
Flow
[ 64 1384 76 1521
Smooth
Stratified
3 Wavy Flow 413 1384 465 1521
g |ATIOET 563 1384 470 1521
Flow
5 |Itermittent | 30, | y3g4 | 1523 | 1521
Flow
5 [EEE 0* 0* 470 1521
Flow

4.1.2. Standardization

Standardization plays a key role in bringing the fea-
tures present in the feature set to a similar scale, prevent-
ing bias, and improving the efficiency of the learning
process. It transforms the data in a way that each feature
has zero mean and unit variance. As shown in the Equa-
tion 3, standardization is achieved by subtracting the
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Table 2: Output of TPOT for 2.5 cm and 5.1 cm Datasets

For 2.5 cm dataset

For 5.1 cm dataset

MLPClassifier (PCA (FastICA (input matrix, tot = 0.9),
iterated_power = 8, svd_solver = randomized), alpha = 0001,
learning_rate init = 0.01)

Generation number Best CV Score Generation number Best CV Score
1 0.9783338546554061 1 0.9726027397260275
2 0.9783338546554061 2 0.9726027397260275
3 0.9783338546554061 3 0.9726027397260275
4 0.9783338546554061 4 0.9791780821917808
5 0.9841257428839537 5 0.9791780821917808
6 0.9841257428839537 6 0.9797260273972602
7 0.9841257428839537 7 0.9797260273972602
8 0.9862840162652488 8 0.9830136986301371
9 0.9862840162652488 9 0.9846575342465753
10 0.9862840162652488 10 0.9852054794520548
Best Pipeline: Best Pipeline:

GradientBoostingClassifier (FastICA (input matrix, tot = 1.0),
learning_rate = 0.5, max_depth = 3, max_features = 0.45,
min_samples leaf =9, min_samples_split = 16,
n_estimator = 100, subsample = 0.6500000000000001)

mean of each feature from the data and dividing it by the
standard deviation (Ali et al., 2014). By standardizing
the data, all the features are transformed to a similar
scale, which was particularly useful for algorithms that
were sensitive to the magnitude of the input variables.

&)

X— xmean

Xstandardized —
standard deviation

Standardization technique is a vital step in machine
learning as it cleans and transforms raw data into a suit-
able format for training models. It improves the quality
and reliability of the data, ensures compatibility with al-
gorithms, and enhances the overall performance of ma-
chine learning models. This was carried out for both 2.5
cm and 5.1 cm datasets.

4.1.3. One Hot Encoding

One-Hot Encoding is a crucial data pre-processing
technique in the field of machine learning and is particu-
larly relevant when dealing with categorical data or fea-
tures that don’t have a natural ordinal relationship (Cer-
da et al., 2018). It works by creating a binary matrix
representation of data, where each unique category is
represented by a distinct binary column (or “bit”). The
term “one-hot” stems from the fact that only one bit is
“hot” (set to 1) for a given category, while all others are
“cold” (set to 0).

In the dataset obtained, the feature, “Angle of Inclina-
tion” was observed to have angles in degrees. It is es-
sential to apply one hot encoding for this feature since it
preserves the information and ensures that each unique
angle is treated as a distinct category by the machine
learning algorithm. If not One-Hot Encoded, the algo-
rithm might interpret the angles as continuous numerical
values, leading to misinterpretation and inaccurate re-

sults. One-Hot Encoding helps in avoiding such misin-
terpretations.

These steps (Handling of Imbalanced data, Standardi-
zation and One hot encoding) are performed in order and
the prepared data was passed to the TPOT for identifica-
tion of the right machine learning model.

5. Experimental result and discussion

This study, leverages a contemporary machine learn-
ing tool, called AutoML, to identify the most appropriate
machine learning model for predicting flow patterns us-
ing the datasets obtained from the experiments conduct-
ed by Barnea et al. (1980) for two distinct pipe diame-
ters of 2.5 cm and 5.1 cm. Both of these datasets were
cleaned initially to remove the redundant data present
and then were put to data pre-processing. All the features
in the feature set were standardized and scaled to prevent
bias towards any feature based on its magnitude.

Any of the flow patterns, Dispersed Bubble, Stratified
Smooth, Stratified Wavy, Annular, Intermittent, and
Bubble were to be predicted out of the features available
at the 2.5 cm and 5.1 cm datasets using the models de-
signed by the TPOT. TPOT addresses this as a classifica-
tion problem to classify the data points to its flow pattern
(class) effectively. The results obtained for the 2.5 cm
and 5.1 cm datasets are presented in Table 2, where the
TPOT was configured to run for 10 generations (termi-
nation condition) with a population size of 20 and with
5-fold Cross Validation (CV). The CV designed to be 5
denotes that the model is trained and tested five times,
each time with a different subset serving as the test set.
The CV score provides an overall assessment of the
model’s consistency and generalization ability.

An in-depth explanation for the values of parameters,
obtained from the TPOT library are as follows. From
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Table 3: The accuracy measurements of the models

Accuracy Obtained (%)
Model Name
For 2.5 cm dataset For 5.1 cm dataset Average

Logistic Regression 57.35 50.09 53.72
K Nearest Neighbors 56.83 54.2 55.56
Nave Bayes Classifier 57.94 65.33 61.64
Decision Tree 64.22 59.35 61.79
XGB Classifier 62.25 55.36 58.81
Neural Network classifier 69.04 51.67 60.36
SvC 59.17 56.00 57.59
TPOT designed Models FPTL_TPOT 2.5: 97.66 FPTL TPOT 5.1: 98.09 97.88

Table 2, it can be viewed that the resulting pipeline for
the 2.5 cm dataset is a Multi-Layer Perceptron (MLP)
classifier, a powerful neural network architecture often
employed for classification. In the pre-processing phase,
which was separately carried out by the TPOT, the di-
mension of data was reduced through Principal Compo-
nent Analysis (PCA) and Fast Independent Component
Analysis (FastICA). The PCA component was observed
to be configured in order to retain 90% of the variance in
the data, and specific parameters were meticulously tai-
lored to the dimensionality reduction techniques. Fur-
thermore, the MLP classifier was fine-tuned with a regu-
larization strength (alpha) set at 0.0001 and an initial
learning rate of 0.01.

On the other hand, the 5.1 cm dataset was best classi-
fied using the Gradient Boosting Classifier, a well-estab-
lished ensemble learning algorithm utilized for classifi-
cation tasks. In the pre-processing phase, autonomously
managed by TPOT, feature extraction and reduction
techniques were applied. Independent Component Anal-
ysis (ICA) was used to reduce the dimensionality of the
data, and in this instance, it was observed to achieve a
total retention of 1.0. Moreover, the selected Gradient
Boosting Classifier was fine-tuned with specific hyper-
parameters. The learning rate was set to 0.5, which gov-
erns the step size during optimization. The maximum
depth of the individual decision trees in the ensemble
was limited to 3. Additionally, a maximum of 45% of
features considered for each split decision, denoting that
algorithm would randomly select this subset of features,
which could help improve the generalization of the mod-
el by making the trees less deep. The value of 9 was kept
as samples required in a leaf node for a minimum. It
means that if a node has fewer than 9 data points after a
split, the tree would not continue to split it, and it would
become a leaf node. The minimum samples necessary to
split an internal node was set at 16, meaning that an in-
ternal node must have at least 16 data points to be con-
sidered for further splitting. If a node has fewer than 16
data points, it would not be split, and the decision tree-
building process would proceed to other nodes that met
this criterion. The ensemble comprises 100 boosting
stages. A subsample of approximately 65% of the data-
set was used for training each tree in the ensemble.

Accuracy is a performance metric used in classifica-
tion tasks to gauge how effectively any machine learning
model correctly assigns data points to their respective
categories or classes. It is computed as the ratio of the
number of data points that the model correctly classifies
to the total number of data points in the dataset. In prac-
tical terms, a higher accuracy score signifies that the
model is more proficient at making correct classifica-
tions, indicating its ability to accurately predict the class
labels of data points. With the machine learning models
designed by the TPOT, the accuracy scores of 97.66%
and 98.09% were observed for the 2.5 cm and 5.1 cm
datasets respectively. These higher accuracy scores were
achieved using TPOT by carefully designing the ma-
chine learning models which were best suited for the
datasets considered along with their best hyperparame-
ter settings.

A comparative study of the FPTL _TPOT models with
other existing standard and similar machine learning
models were carried out in two phases, as listed below.

Phase I: To compare with standard machine learning
models.

Phase II: To compare with similar two-phase flow
prediction models.

5.1 Comparative study with standard machine
learning models

To compare the performance of the FPTL TPOT
models, several standard machine learning algorithms
were considered as base models and were directly ap-
plied to test the accuracy of classifying the flow patterns.
The standard machine learning models considered were
Logistic Regression (Wright, 1995), K Nearest Neigh-
bors (Cover et al., 1967), Naive Bayes Classifier (Rish,
2001), Decision Tree (Magee, 1964), XGB classifier
(Agarwal et al., 1994), Neural Network (Bishop, 1994)
and Support Vector Classifier (SVC) (Tong et al., 2001).
These supervised machine algorithms follow different
mathematical methods to understand the features pro-
vided in the datasets and to classify the input based on
this feature set. These models had been identified as ef-
fective but different in classification and regression tasks
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Figure 4: Comparative Results of machine learning models for 2.5 cm dataset

(Gajula et al., 2024; Sawe et al., 2024; Nakhipova et
al., 2024, Zhou et al., 2024; Hoque et al., 2024; Oye-
wole et al., 2024; Amaya-Tejera et al., 2024). Al-
though, the working of all these models and the TPOT
AutoML model differs, any of them can be employed in
identifying the flow patterns, as they are effective in
classification and regression tasks. The performance of
the models can be determined by measuring how accu-
rately they predict the right flow pattern.

The experiments were carefully designed to imple-
ment all these seven models (Logistic Regression, K
Nearest Neighbors, Nave Bayes Classifier, Decision
Tree, XGB Classifier, Neural Network classifier and
SVC) along with the two newly designed TPOT models;
(FPTL_TPOT 2.5 and FPTL TPOT 5.1). Table 3 pre-
sents the accuracy comparison of the standard machine
learning models along with the TPOT designed models.
These results are visualized in Figure 4 and Figure 5.

The results for the classification of 2.5 cm dataset
(given in Table 3 and Figure 4) show that, among all the
models tested, the FPTL TPOT 2.5 model outper-
formed the rest by a significant margin, achieving an im-
pressive accuracy score of 97.66%. This remarkable re-
sult indicates that FPTL TPOT 2.5 is exceptionally
well-suited for handling the specific characteristics of
the 2.5 cm dataset, making it the clear frontrunner in
terms of accuracy.

On a one-to-one comparison of the FPTL _TPOT 2.5
model with the standard machine learning models, the
following inferences are made.

1) The Logistic Regression model, which has pro-
duced an accuracy of 97% in the task of detecting
brain tumour from MRI images (Gajula et al.,
2024), achieved an accuracy of 57.35% only in the
task of flow pattern prediction from the 2.5 cm
dataset. However, the FPTL TPOT 2.5 model
has shown 40.31% of improvement in the accura-

2)

3)

4)

5)

cy of flow pattern prediction comparing to the Lo-
gistic Regression model.

On a phishing web page detection task, the K-
Nearest Neighbor model has demonstrated better
than other models with an accuracy of 97% (Sawe
et al., 2024). However, this model could achieve
only 56.83% of accuracy in the flow pattern pre-
diction task discussed here. The FPTL TPOT 2.5
model showed 40.83% improvement in the accu-
racy of flow pattern prediction, comparing to K-
Nearest Neighbor model.

Though recently, the Nave Bayes Classifier proved
its capability in predicting student achievements
by assessing their educational performances (Na-
khipova et al., 2024), its accuracy in predicting
the flow pattern for the 2.5 cm dataset is 57.94%.
The FPTL TPOL 2.5 outperformed Nave Bayes
Classifier with the performance improvement of
39.72%.

The research work of (Zhou et al., 2024) com-
pared the performance of Decision Tree model
with XGB classifier and Random Forest, on the
task of estimating geo-polymer concrete compres-
sive strength. In their study, the Decision Tree
model is used as base learner and the other two
models as super learners. The authors showed that
the Decision Tree model fails in outperforming
other two models. The similar trend was shown by
Decision Tree model in flow pattern prediction
task also, where the FPTL TPOT 2.5 model per-
formed better than the Decision Tree model with a
33.44% improvement in the accuracy.

The XGB classifier, which has demonstrated an
accuracy of 94.74% in predicting breast cancer
(Hoque et al., 2024), was outperformed by
the FPTL TPOT 2.5 model in the flow pattern
prediction task for the 2.5 cm dataset. The
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Figure 5: Comparative results of machine learning models for 5.1 cm dataset

performance difference between the models is
35.41%.

6) The Neural Network Classifier models showed ac-
curacies of 90%, 93% and 95%, etc. in various
prediction tasks in the stock market scenario. This
fact is available in (Oyewole et al., 2024). How-
ever, the Neural Network Classifier could demon-
strate an accuracy of 69.04% only for the flow pat-
tern prediction with the 2.5 cm dataset. This has a
performance difference of 28.62% comparing to
the accuracy of the FPTL _TPOT 2.5 model. It is
worth noting that among all the seven standard
machine learning models, the Neural Network
Classifier is the top performer.

7) A Support Vector Classifier added with an innova-
tive approach of randomly selecting the training
samples from the dataset was presented in the
work of Amaya-Tejera et al., (2024). The SVC
presented showed a classification accuracy of 89%
and 94.9%, for a multiclass classification, with dif-
ferent datasets. However, in the case of flow pat-
tern prediction the SVC could demonstrate an ac-
curacy of 59.17%, which is 38.49% less than that
of the FPTL_TPOT 2.5 model.

Similarly, for the 5.1 cm dataset, the results (given in
Table 3 and Figure 5) prove accuracy that the FPTL
TPOT_5.1 model remains the top performer, achieving a
higher accuracy of 98.09% on the 5.1 cm dataset. The
Naive Bayes Classifier also notably achieved an accu-
racy of 65.33%, making it one of the top traditional
models for this dataset. Decision Tree shows an accura-
cy of 59.35% and other models display modest scores
but still trailed behind the FPTL TPOT 5.1 model. It
was observed from the one-on-one comparison that the
FPTL TPOT 5.1 model showed 48.00%, 43.81%,
32.76%, 38.74%, 42.73%, 46.42% and 42.09% of per-
formance improvement compared to the Logistic Re-

gression, K Nearest Neighbors, Nave Bayes Classifier,
Decision Tree, XGB Classifier, Neural Network classi-
fier and SVC models, respectively.

These results emphasize the critical importance of se-
lecting the right machine learning algorithm when work-
ing with specific datasets, as it can significantly impact
the accuracy and effectiveness of the model.

5.2 Comparative study with two-phase flow
prediction models

This section presents a comparison of the FPTL
TPOT models with a few state-of-the-art similar models
used for gas-liquid two-phase flow pattern prediction.
The summary of the inferences is presented in Table 4,
and are explained in detail below.

Mask et al. (2019) have proposed a set of machine
learning based models for predicting gas-liquid flow pat-
tern. The machine learning models used in this work are
Random Forest (RF), AdaBoost and XGBoost with re-
ported flow pattern prediction accuracy of 92.3%, 92%
and 93.7%, respectively. These accuracies were com-
pared to the TPOT designed models (FPTL _TPOT 2.5
and FPTL TPOT 4.1) of 97.66% and 98.09%. The per-
formance improvements achieved by the FPTL
TPOT_2.5 model was 5.33%, 5.66% and 3.96, respec-
tively, while that of FPTL _TPOT 5.1 model, respec-
tively was 5.76%, 6.09% and 4.39%.

Huang (2024), reported the performance of three ma-
chine learning models (support vector machine (SVM),
K-Nearest Neighbor (KNN) and Random Forest (RF))
in the task of predicting gas-liquid flow patterns. This
study discussed the performances of these machine
learning models in two stages. In Stage 1, the classical
SVM, KNN and RF machine learning models were used
for the flow pattern prediction. The accuracy attained by
these models were 73%, 91.9% and 94.6%, respectively.
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Table 4: Comparison FPTL_TPOT models with state-of-the-art models

) X Performance Improvement in (%)
Machine Learning Accuracy
Reference Paper Model (%) By FPTL_TPOT 2.5 | By FPTL_TPOT 5.1
(Accuracy: 97.66%) | (Accuracy: 98.09%)
RF 92.30 533 5.76
(Mask et al., 2019) AdaBoost 92.00 5.66 6.19
XGBoost 93.70 3.96 4.39
SVM 73.00 24.66 25.09
KNN 91.90 5.76 6.19
(Huang et al., 2024) RF 94.60 3.06 3.49
Improved KNN 99.50 -1.84 -1.41
Improved RF 97.50 0.16 0.59
Decision Tree
for intermittent flow 86.32 11.34 177
(Hernandez et al., 2019) Decision T
ceiston "Tee 49.11 48.55 48.98
for annular flow
(Ezzatabadipour et al., 2017) Deep Learning model 85.97 11.69 12.12
K-nearest neighbors 82.80 14.86 15.29
(DRI Gl A2 Multilayer perceptron 83.90 13.76 14.19
(for ethanol)
Random forest 82.20 15.46 15.89
(Arteaga-Arteaga et al., 2021) | Extra Tree 97.00 0.66 1.09
(Guillen-Rondon et al., 2018) SVM 97.00 0.66 1.09

It was evident that the TPOT models are performing bet-
ter that these models with improved accuracies. The ac-
curacy improvements are (24.66%, 5.76%, 3.06%) and
(25.09%, 6.19%, 3.49%) by the FPTL _TPOT 2.5 and
FPTL _TPOT 5.1 models, respectively. In Stage 2, im-
proved KNN and RF models were designed where the
input features went through a correlation analysis to
identify more influencing features from the dataset. A
linear interpolation procedure was applied on the data-
set, as preprocessing. The accuracy reported by the im-
proved KNN and RN models are 99.5% and 97.5%. The
accuracy differences between these models and the
FPTL TPOT 2.5 and FPTL TPOT 5.1 models are
(-1.84%, 0.16%) and (-1.41%, 0.59%), respectively.
Though, the performance differences are marginal, this
comparative study adds an insight to the future works on
this study to add a feature reduction technique as part of
data pre-processing stage to improve the prediction ac-
curacies of the FPOT TPOT models.

Hernandez et al. (2019) built a decision tree based
model for flow pattern prediction under different two-
phase flow conditions. This tree based model secured
86.32% and 49.11% accuracies for the intermittent and
annular flow patterns, respectively. These accuracies are
less than the accuracies achieved by the FPTL TPOT
models. The performance differences are presented in
Table 4.

Ezzatabadipour et al. (2017) proposed a deep learn-
ing based algorithm to predict flow patterns in two phase
flow under different fluid properties and pipe conditions.
The initial model showed 83.87% of prediction accuracy,

and an improved model had shown an accuracy of
85.97%. Comparing to the improved model the FPTL
TPOT 2.5 and FPTL_TPOT _5.1 models showed perfor-
mance differences of 11.69% and 12.12%, respectively.

Loyola-Fuentes et al. (2022), in their study, trained
three classification algorithms viz K-nearest neighbors,
multilayer perceptron and random forest for flow pattern
classification and generated a flow pattern map with
boundaries between the slug/plug and annual flows. The
accuracy scores reported for these algorithms are 82.8%,
83.9%, 82.2% and 75.8%, 77.1%, 75.6% under different
parameter settings for ethanol and FC-72, respectively
(Loyola-Fuentes et al., 2022). It can be observed that the
FPTL_TPOT models are far better than these algorithms
with higher accuracy of predictions, with good perfor-
mance difference. The results are presented in Table 4.

A comparative study on the performance of nine differ-
ent machine learning models on predicting the gas-liquid
two-phase flow patterns in pipes (Arteaga-Arteaga et al.,
2021), identified the Extra Tree (ET) model as the best
performing model with a prediction accuracy of 97.00%,
which is less than but closer to the accuracies 97.66% and
98.09% of the FPTL_TPOT models. In (Guillen-Rondon
et al.,, 2018), an optimized Support Vector Machine
(SVM) classifier was designed for gas-liquid two-phase
flow pattern prediction. With three flow patterns (dis-
persed, segregated and intermittent) prediction system,
SVM achieved a 97.00% accuracy, similar to the ET mod-
el of Arteaga-Arteaga, et al. (2021), which is less than
but closer to the FPTL TPOT models. The summary of
above inferences is presented in Table 4.
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Table 5: Test cases and prediction for 2.5 cm dataset

Test Case Pressure (In (?elgees) Vsl Vsg I;PST;} ;Eig;rn—

1 101400 0 0.04 1.5 Stratified Smooth

2 102402 20 0.0 16.8 Stratified Wavy

3 101475 0 0.25 10 Annular

4 103200 -50 0.1 9.5 Annular

5 103830 90 0.67 9.67 Intermittent

6 101367 0 0.004 0.04 Stratified Smooth

7 102748 -1 0.06 0.4 Stratified Wavy

8 102395 20 2.99 0.095 Dispersed Bubble

9 102843 -5 1.6 0.04 Dispersed Bubble

10 104020 -80 1.68 26.16 Intermittent
Table 6: Test cases and prediction for 5.1 cm dataset

Test Case Pressure (In (ﬁ,l;ees) Vsl Vsg I;PIT; ;Eig:;

1 103390 -70 0.10 10.2 Stratified Wavy

2 101375 0 0.002 0.025 Stratified Smooth

3 103598 50 0.002 14.30 Annular

4 103080 -50 2.637 0.02 Dispersed Bubble

5 103853 70 1.517 0.092 Bubble

6 102370 -5 0.001 0.016 Stratified Smooth

7 103836 70 0.0 0.15 Intermittent

8 101999 5 0.025 16 Annular

9 104308 90 0.99 0.09 Bubble

10 102080 10 0.002 16 Stratified Wavy

In order to further validate the FPTL _TPOT 2.5 and
FPTL TPOT 5.1 models with sample test cases, few
sample inputs are given to the models and the corre-
sponding output predicted by them are presented in Ta-
ble 5 and Table 6.

6. Conclusions

The prediction of flow patterns is more crucial in the
oil and gas industries, as they are important for their op-
erational efficiency and system integrity. This study in-
vestigates the automated design of machine learning
models for high accurate flow pattern prediction for two-
phase flows. Leveraging data from Barnea’s research,
the TPOT tool (an AutoML tool utilizing genetic pro-
gramming) was employed in designing optimal machine
learning models for flow pattern prediction using the
datasets with 2.5 cm and 5.1 cm diameters of pipe. The
models designed by the TPOT tool for the 2.5 cm and
5.1 cm datasets were named as FPTL TPOT 2.5 and
FPTL TPOT 5.1, respectively. A comparative study of
these models with other standard machine learning mod-
els revealed that the FPTL TPOT 2.5 and FPTL
TPOT _5.1 models are performing superior in predicting

the flow pattern, by achieving remarkable prediction ac-
curacies of 97.66% and 98.09%, respectively, for the
given datasets. The performance of the FPTL TPOT
models were also compared with few state-of-the-art
machine learning models designed for gas-liquid two-
phase flow pattern prediction. Except for a case with im-
proved KNN, the FPTL TPOT models demonstrated
improved prediction accuracies for other state-of-the-art
models. The performance differences observed were in
the range of 0.59% to 25.09%.

These findings hold significant implications for in-
dustrialists and researchers, facilitating the precise pre-
diction of flow patterns crucial for operational design
and analysis in the petroleum industry. However, it’s
important to note that the generalizability of the findings
may be limited by the specific characteristics of the data-
sets used in this study. Despite this, the outcomes pre-
sented herein offer valuable insight and pave the way for
further research works.

Future investigations could include exploring alterna-
tive machine learning models and evolutionary algo-
rithms with diverse parameter settings to delve deeper
into the prediction of multi-phase gas-liquid flow pat-
terns, towards designing a generalized system which can
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work for any given dataset. Incorporation of a suitable
dimensionality reduction technique, to identify more rel-
evant features from the dataset, towards increasing the
prediction accuracy of the FPTL TPOT models is also
an interesting future scope. Integrating other Artificial
Intelligence methodologies into this research can con-
tribute meaningfully to the ever-evolving landscape of
the petroleum industry, for enhancing their operational
efficiency and system reliability.
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SAZETAK

Predvidanje ponasanja protoka u vodoravnim i nagnutim cijevima pomocu
automatiziranoga strojnog uc¢enja temeljenoga na metodi stabla odlucivanja

Razumijevanje dvofaznoga protoka (plin-tekucina) od velike je vaZnosti u naftnoj i plinskoj industriji jer izravno utjece
na projektiranje opreme, kontrolu kvalitete i radnu uc¢inkovitost. U industrijskome inZenjerstvu i upravljanju procesima
vazno je poznavanje obrasca protoka u procesu. U ovome su istrazivanju, kako bi se dobio najbolji model strojnoga uce-
nja za navedeni skup podataka, koristen alat za optimizaciju cjevovoda temeljen na stablu odlué¢ivanja (engl. Tree-Based
Pipeline Optimization Tool, TPOT) i automatizirani sustav strojnoga ucenja (engl. Automated Machine Learning, Auto-
ML). U radu je predstavljena izrada modela predvidanja uzorka protoka pomoc¢u TPOT-a. TPOT je primijenjen za pred-
vidanje uzoraka protoka u cijevima promjera 2,5 cm i 5,1 cm koristenjem skupova podataka iz postojece literature. Prije
uno$enja u TPOT skupovi podataka prosli su obradu neuravnoteZenih podataka, standardizaciju i jednokratno kodira-
nje. Modeli izradeni za skupove podataka za cijev promjera 2,5 cm i cijev promjera 5,1 cm nazvani su FPTL_TPOT 2.5
odnosno FPTL_TPOT _s.1. U radu je provedena komparativna analiza navedenih modela, ostalih standardnih modela
strojnoga ucenja i sli¢nih najnovijih modela predvidanja dvofaznoga protoka te je dan osvrt na izvedbu navedenih TPOT
modela. Rezultati su pokazali da modeli izradeni TPOT-om postizu izvanrednu to¢nost, s rezultatom od 97,66 % za
skupove podataka za cijev 2,5 cm, odnosno 98,09 % za skupove podataka za cijev 5,1 cm. Nadalje, modeli FPTL_TPOT _2.5
i FPTL_TPOT_s.1 dali su bolje rezultate od drugih modela strojnoga u¢enja u smislu izvedbenih karakteristika naglasa-
vajudi u¢inkovitost TPOT-a u stvaranju modela strojnoga ucenja za predvidanje uzorka protoka. Rezultati ovoga istrazi-
vanja znatno doprinose povec¢anju uc¢inkovitosti i optimiziranju industrijskih procesa u naftnome i plinskome sektoru.

Klju¢ne rijeci:
visefazni protok, dvofazni protok, predvidanje obrasca protoka, strojno u¢enje, AutoML
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