
WARITH SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY 2026;2:47–70

Scan the QR to view
the full-text article on
the journal website

Numerical–Machine Learning Hybrid
Framework for Forecasting Multi-Phase
Flow Dynamics in Deep Wellbores

Raghad S. Shamsah a, Farhan Lafta Rashid a, Mudhar A. Al-Obaidi b,
Ahmed N. Al-Dujaili c,*

a Petroleum Engineering Department, College of Engineering, University of Kerbala, Karbala 56001, Iraq
b Technical Instructor Training Institute, Middle Technical University, Baghdad 10074, Iraq
c Amirkabir University of Technology/ Petroleum Engineering Department„ No. 350, Hafez Ave, Valiasr Square,
Tehran, Iran 1591634311

ABSTRACT

The Conventional models do not usually reflect the intricate relationships between the fluid
characteristics, wellbore geometry, and operating flow parameters in the deep wellbores, which
becomes a major issue in the extraction of hydrocarbons, where the unexpected behavior of
the flows (bubble, slug, annular) can cause the efficiency and integrity of the equipment to
be compromised. This problem has been tackled by developing a new neural network-based
method that incorporates mathematical models and machine learning in this paper to identify
the flow patterns and optimize the production parameters. It is an experimental study, where
12 input variables are used (e.g., depth, pressure, viscosity, and inclination of well-bore), which
is processed by a trained neural network (MATLAB-based) utilizing experimental simulations
based on a lab-scale wellbore setup with pressure, temperature, and flow sensors. Two models
were experimented by neural network, first model is found to have 100% validation accuracy in
predicting slug flow in cases of enrichment with complete input features, which is half the case
with simple parameters, indicates that the four fundamental parameters cannot offer enough
discriminative power measures among flow patterns, irrespective of network training. The most
important results are found in: (A) determination of annular flow dominance at deeper levels,
which is associated with steep pressure gradients (stability critical); (B) optimized production
rates (oil: 0.052 m3/s, gas: 0.050 m3/s) with high stability (indicator: 0.76); and (C) high
predictive capability, as indicated by error histograms around zero and correlation plots with
R-values exceeding 0.99. The statistical significance (p < 0.05) in ANOVA provided by the model
is another confirmation that it is a robust model.
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1. Introduction

Oil and gas production in deep wells is safely and efficiently managed with a steady flow
model [1, 2]. To conduct this, the variations in pressure, velocity, density, and temperature
that bubble, slug, and annular flow cause should be examined. Indeed, various conditions
that fluids encounter while moving from the reservoir to the surface can meaningfully
affect their movement, especially in deep wellbores [3]. Different flow patterns have
behaviors that vary with an increase in depth. Scientists can safely and efficiently set on
the right flow regime by realizing these factors. Advanced tools, such as neural networks,
can help predict flow performance using depth, pressure, and other fluid properties [4, 5].
Fig. 1 illustrates flow regimes in a hydrocarbon wellbore [6].

Producing optimal quantities from wells requires proper design of the well-bore shape in
multi-phase flow processes [7]. In this aspect, annular flow tends to be preferred at greater
depths, and well-bore geometry greatly influences whether flows are stable. Flow behavior
in wellbores is strongly tied to their angle and size [8]. In addition, geometry will help
comprehend the pressure gradient in the well-bore more easily since the annular flow will
experience the quickest increase in pressure because of the increased distribution of density
[9]. The geometry of the well may change, thereby causing varying velocities of the flows
since the moving liquid film in the annular section has higher resistance and accelerates
in the well, causing lower velocities [10]. The well-bore shape influences the density
properties of the mixture; annular flow holds a greater average density, whereas bubble
flow changes more with depth and modifies the properties of the mixture [11]. Geometry
shapes how temperature gradients vary throughout a system, since these gradients have a
big impact on fluid properties in temperature management [12]. Controlling temperatures
well helps avoid overheating and keeps the well-bore safe. Considering well-bore geometry
is important in extracting resources efficiently and safely [13].

Recently, the investigation of multi-phase flow in wellbores has been receiving attention
as computers and mathematical methods are combining. For instance, Physics-informed
neural networks appended with physical laws were proposed for modeling to improve
the accuracy in predicting fluid dynamics [14, 15]. Machine learning will permit the
study of flow patterns and the ability to estimate numerous aspects from the stored
records [16]. Modern flow analysis for hydrocarbon extraction heavily relies on machine
learning methods and can help improve fluid processing by revealing crucial indicators that
influence production [17]. Better computational methods are required to handle challeng-
ing situations in multi-phase flow modeling [18]. Moreover, an exhaustive analysis was
provided of how bubble, slug, and annular flow patterns differ and sometimes interact in
various flow problems, and more advanced analytical procedures are required to improve
predictions in crucial areas of oil and gas firms [3]. Innovative modeling can be useful
for understanding the behaviour of different fluids and their influence on one another
in complicated deep wellbores [19]. The graph neural networks (GNNs) can identify the
connections between phases in multi-phase flows [20].

Some of the studies investigated the multi-phase flow processes, shedding light on
machine learning as a useful tool to predict the flow pattern in petroleum engineering
[21]. In this respect, neural networks were proposed to model the behaviour of multi-phase
flows and explain the ability of machine learning to address the problematic features of the
flow properties [22]. The researchers reported a significant development in multi-phase
flow modeling methods. Accordingly, machine learning techniques can help to predict
fluid flow in wells, and deep learning can be used to classify flow patterns. Data-driven
techniques were used to model multiphase flow in hydraulic systems [23].
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Fig. 1. Flow regimes in the well-bore [6].
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Machine learning methods can predict oil production in industrial environments [24].
Successful methods were presented to optimize the multi-phase flow processes, as this
would raise efficiency in extracting hydrocarbons. From other side the study in [25] dis-
cussed flow recognition in oil and gas wells with deep learning, [26] introduced statistical
methods to investigate the multi-phase. Alan E Vardy et al. clearly described how neural
networks were successful in studying fluid mechanics [28]. Using hybrid neural networks
can aid in forecasting multi-phase flow dynamics, which demonstrates the benefits of
integrated models [29].

There is a clear request to develop a successful method for hydrocarbon extraction
to accurately predict the multi-phase flow according to the studies that aforesaid. The
current research intends to addresses this major shortcoming in hydrocarbon extraction by
dealing with the challenges of existed models in predicting how bubble, slug and annular
types of multi-phase flow behave in deep wellbores. The importance of this research lies
in its blended form of physics-based and neural network modeling, which can permit
100% accuracy in recognizing slug flow (alone) and improved optimization of production
parameters while keeping the process stable. In this research, advanced neural networks
are used to predict flow patterns and improve production settings in deep wellbores. This
study will utilize data sets and advanced modelling to gain insights into and control flow in
the wellbores to enhance hydrocarbon recovery. The study is particularly trans-formative
for the industry, since it substitutes the heuristic process with a flexible AI-enhanced system
that can handle risks (e.g., slugging, equipment malfunction) and maximize output, which
in turn minimizes costs and environmental risks during deep-well hydrocarbon production.

2. Methodology

In analyzing the multi-phase flow patterns in deep wellbores, an experiment-based
methodology of data collection was employed, including the data collection methods
and statistical analysis. An experimental rig was designed and constructed vertically
with sensors to measure pressure, temperature and flow in the column. There are two
fuels to be tested, which include refined gasoline and kerosene and bubble, slug, and
annular patterns were recorded with the help of high-speed cameras at various flow rates.
Digital transducers were used to obtain information by pressure, and mass flow meters
with thermocouples to measure temperature. The instruments were calibrated before the
commencement of the experiments, in addition to the collected data using Lab View. The
procedure of the experiment as follow:

1. The study entailed 105 experiments, with samples being selected by setting the flow
rate and pressure needed. Individuals were randomly put into a treatment group.

2. The experiments were performed at 25°C ambient temperature and a pressure varia-
tion of 1-100 bar. The independent variables were depth, pressure, rate of gas flow,
and rate of liquid flow, whereas the dependent variables were rate of flow pattern,
pressure drop, and stability of flow. Table 1 demonstrates the parameters that were
applied in the 15 independent and dependent variable cases.

3. A neural network model was created to forecast the flow patterns in the data collected.
The input variables were used to train the model, which helps in classifying the flow
patterns (bubble, slug, annular) and optimizing production parameters. Accuracy
and loss as performance measures were examined. Statistical Analysis: Analysis of
variance (ANOVA) was also used to determine the difference between flow patterns
and statistical testing with MATLAB and R.
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4. Replication and additional materials, such as raw data and MATLAB scripts, were
detailed and specified. The predictions made by the neural network were cross-
validated with the literature that was available, and subsets of data were compared
with historical data to verify the accuracy of the predictions. This systematic method
is capable of improving the quality and stability of the results concerning multi-phase
flow dynamics in deep wellbores.

2.1. Mathematical model

To develop a mathematical model based on the neural network, the following structured
approach was used:

1. Input Variables (Table 1):
2. Output Variable: The output variable indicates the classification of the flow patterns:
Y: Flow Pattern Classification (1 = Bubble, 2 = Slug, 3 = Annular). The output variable

indicates the optimizing parameters:
Y: Production rates (oil and gas) and stability indicators.
3. Neural Network Structure: The neural network can be structured as follows:

- Input Layer: Contains nodes for each input variable.
- Hidden Layers: Comprises one or more hidden layers with activation functions (e.g.,

ReLU or Sigmoid).
- Output Layer: A SoftMax layer that provides probabilities for each flow pattern

classification.
4. Mathematical Representation: The output of the neural network is represented math-

ematically as follows,

Y = f
(
W2 · h+ b2

)
(1)

h = f
(
W1 · X + b1

)
(2)

is the output from the hidden layer, X is the input
vector [D,P,Qg,Ql, ρo, ρw, ρg, µo, µw, µg,Dw, I], W1 and W2 are the weight matrices
for the hidden and output layers, respectively, b1 and b2 are bias vectors,
and f denotes the activation function.

5. Loss function to train the neural network, the categorical cross-entropy loss function
is utilized:

L = −
C∑

i=1

yilog
(
ŷi
)

(3)

C is the number of classes (Eq. (3)), yi is the true label (one-hot encoded), and ŷi is
the predicted probability for class i.

6. Training the model training involves optimizing the weight parameters W and bias
parameters b to minimize the loss function L. This can be expressed as:

Loss Function:

L
(
W, b

)
= −

C∑
i=1

yilog
(
ŷi
)

(4)
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7. Calculate the gradient of the loss function with respect to the weights and biases:

∇L
(
W, b

)
=

(
∂L
∂W

,
∂L
∂b

)
(5)

8. Using optimization algorithms such as Stochastic Gradient Descent (SGD) or Adam,
update the weights and biases as follows:
For Stochastic Gradient Descent (SGD):

W − η · ∇W L
(
W, b

)
=W (6)

b− η · ∇bL
(
W, b

)
= b (7)

η is the learning rate.
For Adam Optimizer [30]:

β1 ·mW + (1− β1) · ∇W L
(
W, b

)
= mW (8)

β2 · vW + (1− β2) · ∇W L(W, b)2
= vW (9)

mW

1− βt
1
= m̂W (10)

vW

1− βt
2
= v̂W (11)

W −
η

√
v̂W + ε

· m̂W =W (12)

Similar updates were applied for the biases b.
9. The training error quantifies how well the model fits the training data. It is typi-

cally calculated using a loss function, such as Mean Squared Error (MSE) [31]. The
mathematical representation is represented below:

Training Error =
1
N

N∑
i=1

(yi − ŷi)2 (13)

N is the number of training samples. yi is the true value for the i− th sample. ŷi
represents the predicted value for the i− th sample. The equation is used to quantify
the average squared distance between the actual and predicted values, and this value
represents the extent to which the model is reflecting the underlying trends in the
training data.

10.The validation error is an indication of the performance of the model on the unknown
data used in the training. It is also determined based on a similar loss:

Validation Error =
1
M

M∑
j=1

(yj − ŷj)2 (14)

M is the number of validation samples. yj is the true value for the j− th validation
sample. ŷj expresses the predicted value for the j− th validation sample. This is an
equation used to assess the mean of the squared distance between the observed and
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predicted value in the validation set which is used to estimate how effective the model
is when applied to new unknown data.
Lastly, the following can be discovered:
Low Training Error: Means that the model is appropriate to the training data.
High Validation Error: Implicates that the model might not be generalized to non-
observable data, possibly because of over-fitting.
The correlation between the two errors plays a significant role in determining the
performance of a model and in making sure that the model is accurate and robust.

11.Error distribution in a predictive model is essential in determining the performance
of the model. It can mathematically examine the errors with the following concepts:

1. Let the error ei for each prediction be defined as:
ei = yi − ŷi, yi is the true value. ŷi is the predicted value.
2. The mean error provides an average of the errors over all samples:

Mean Error =
1
N

N∑
i=1

ei (15)

This value represents the bias of the predictions in general. A small mean error indicates
that there is no bias in the predictions on average.
3. The variance of errors quantifies the spread of errors around the mean:

Variance =
1
N

N∑
i=1

(ei − ē)2 (16)

ē is the mean error. High variance indicates a wide spread of errors, which may suggest
inconsistency in the model’s predictions.
4. The standard deviation provides a measure of the average distance of the errors from

the mean:

VarianceStandard =
√

Variance (17)

This metric is useful for understanding the typical magnitude of the prediction errors.
5. An error histogram displays the frequency distribution of the errors, which can be

represented as:

f (e) =
1
N

N∑
i=1

δ (e− ei) (18)

Using δ as the delta function, it is easy to see how many errors are in each range with
the help of this histogram.

Mean Error can be considered as a measure of how well or how badly the obtained
estimations are biased. The aim of Variance and Standard Deviation is to measure how
well predictions are consistent. At last, histogram enables to spot common patterns in
error such as times when the errors are higher or lower than the average. In this regard,
it explains how the neural network is created and functions to spot the patterns in flows
that emerge due to various wellbore situations. With architecture, activation function and
training parameter updates, the model is more qualified to accurately predict multi-phase
flow situations.
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3. Results and discussion

Neural networks are used in this section to understand multi-phase flow patterns in deep
well bores and to help manage the well more effectively. Our detailed data includes depth,
pressure, flow rates and fluid properties, which illustrates the effect these elements on the
type of flow. The key finding is that the model is effective at both predicting how oil and gas
would flow besides optimizing the vital parameters for extracting them from the reservoir.
Important findings include information on accuracy, results of performance testing and
how they affect the management of wellbores. This research focuses on exploration of
various multi-phase flow patterns and their effects on pressure, velocity, density and
temperature in drilled wells. Conducting the study by using MATLAB neural networks
could boost the associated analysis.

3.1. Predicting flow patterns

A neural network can be instructed to forecast the dominant flow pattern when presented
with information such as depth, pressure, gas and liquid flow volumes, fluid density and
viscosity and the geometry of the wellbore. The end product would be either a classification
of bubble, slug or annular flow. With use of MATLAB’s Neural Network Toolbox, process
the data acquired from wellbore depth, pressure, flow rates, fluid properties and observed
flow results in simulations, experiments or actual field data by training a classification
neural network using the input nodes for the wellbore parameters and the output nodes
for the flow patterns. After finishing the training process, test the network’s results using
accuracy, precision and recall. The model can be used to forecast flow behavior in new
wellbores.

The neural network’s architecture (Fig. 1) reveals a fundamental limitation in its de-
sign for handling multi-phase flow complexity. While the single hidden layer structure
offers computational efficiency, its shallow architecture likely lacks the necessary depth
to capture the nonlinear interactions between basic input parameters (depth, pressure,
gas/liquid flow rates) and flow pattern transitions. This structural simplicity is especially
problematic in the context of the chaos of bubble-to-slug transitions or the stability of
annular flow, which explains why the model does not generalize well, as demonstrated by
the following figures. The fact that it lacks special layers (e.g., recurrent or conventional) to
deal with the spatial or temporal dependence also limits its predictive ability for dynamic
flow phenomena.

The training curve (Fig. 2) depicts a number of informative attributes regarding the
learning process. The loss of cross-entropy is rapidly dropping in the first stages, which is
an indication of effective early gradient descent, but later continues as a plateau, which
may be an indication of either the inadequacy of the model or improper representation of
the features. The consistent mismatch between training and validation loss is suggestive of
a model that is not able to memorize the training data and at the same time generalize to
validation cases, which are classic indications of under-fitting, since the test accuracy is 0%.
This performance is highly unlike the successes of deep learning in other fluid dynamics
problems, and indicates that the recognition of multi-phase flow patterns is either more
complex-demanding, or, as will be shown below, much more richly informed, to transcend
the underlying physical difficulties.

The error distribution in Fig. 3 provides valuable information about the reliability of the
prediction. Although the central peak near zero indicates that there are correct classifica-
tions, long tails show systematic failures of some flow conditions. The bi-modality of the
histogram could be due to different failure modes, maybe always treating some cases of
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Fig. 2. Neural network diagram for first predicting flow patterns.

slug flow as bubble flow, and the opposite. This trend is consistent with established issues of
transitional flow regimes, where there are challenges in ambiguous pattern boundaries due
to superficial velocities. The large mis-classification outliers of more than±1.5 (comprising
total mis-classification between flow types) specifically emphasize that the model cannot
deal with edge cases, which are a frequent occurrence in the context of real-world wellbore
operations.
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Fig. 3. Training state for first predicting flow patterns.

Fig. 4. Error histogram for first predicting flow patterns.
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Fig. 5. Confusion matrices for first predicting flow patterns.

The confusion matrices (Fig. 4) and regression plot (Fig. 5) report the underlying limita-
tions of the model. The test data failure (0% accuracy) indicates that the four fundamental
parameters cannot offer enough discriminative power measures among flow patterns,
irrespective of network training. This is guaranteed by the findings of the regression
(R≈0.5), which indicate that predictions have no more than accidental similarity to
the real flow patterns. These findings go a long way toward supporting the notion that
although neural networks theoretically may be capable of the same task, and can do so
given suitable inputs that include the physical information they need, which is evidently
lacking in the simple set of parameters. The implications of this finding for industrial
applications are critical, as it is impossible to balance poor sensor data or simplified
physical approximations in multi-phase flow monitoring systems. However, this can be
achieved using highly sophisticated algorithms.

The input data through the incorporation of extra features would be improved in the
second case, as represented in the model results in Figs. 6 and 7. The inputs include depth,
pressure, rate of flow of gas, rate of flow of liquid, density of oil, density of water, density
of gas, viscosity of oil, viscosity of water, viscosity of gas, bore diameter, and inclination
of the wellbore. The target output continues to represent the flow patterns as follows: 1-
Bubble, 2- Slug, and 3- Annular. This improvement results in a more correct answer: the
predicted pattern of flow under the new conditions is 2 (Slug), and the validation and test
accuracy are 1 and 0, respectively. In particular, Figs. 6 and 7 provide an in-depth analysis
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Fig. 6. Neural network diagram for second predicting flow patterns.

of the predictive modelling procedure. The highest validation performance is depicted
in Fig. 6 with a cross-entropy loss of 1.2017×10−5 at epoch 32. The x-axis refers to the
number of training epochs (1 to 32), and the y-axis is cross-entropy loss; the smaller the
values, the higher the accuracy. The blue line is an indication of the reduction of training
loss, which demonstrates effective learning. The green line of validation loss reduces but
levels off, which means that it generalizes well to unseen data. The highest level in terms
of performance is identified by a circle at epoch 32, where the lowest level of validation
loss is reached.
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Fig. 7. Training state for second predicting flow patterns.

Fig. 7 indicates the gradient is declining to 9.4108×10−7 at epoch 32, meaning that
the parameter changes to the model are becoming small, thus indicating that the model
is converging. The bottom plot shows that at epoch 32, the model has zero validation
checks, indicating it has not violated any validation requirements during training. The
combination of these outcomes implies that the training is consistent and the model has
probably reached an optimal performance.

The histogram below (Fig. 8) illustrates the frequency of errors, the difference between
targets and outputs, in 20 bins. The blue bars are training errors, the green bars are
validation errors, and the red bars are test errors. The error value of 4.96×10−5 is the
most concentrated, suggesting that this represents an error prevalent in the datasets. The
narrow bars on each side indicate reduced extreme errors. The orange line shows the point
of zero error, where the prediction and targets are exactly the same. Generally, the model
works efficiently with limited errors in training, validation, and test samples.

Fig. 9 shows the confusion matrices for training, validation, test, and general perfor-
mance. The model accurately predicts 42.9% of class 1 examples in the training matrix.
The validation matrix indicates that in class 1, there are zero mis-classifications and 50%
accuracy. According to the test matrix, the model recorded an accuracy of 36.4% on class
1, with a few mis-classifications. The confusion matrix gives an overall summary of all data
and indicates that class 1 has a 100% accuracy, and other classes demonstrate different
performance. In general, the model is doing well on the validation. However, the test
outcomes show that it can be improved in other category classifications.

The training, validation, test, and overall datasets are presented with Receiver Operating
Characteristic (ROC) curves in Fig. 10. The training ROC demonstrates that class 1 is
classified effectively since it has both a high true positive rate and a low false positive
rate. The validation ROC shows that the model works well in general. The ROC curve for
the test data shows that performance is not uniform among the classes, as a few curves
get close to the line predicted by random guessing. The overall ROC has data from every
class, revealing that the model can be improved for overall classification accuracy.
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Fig. 8. Error histogram for second predicting flow patterns.

Fig. 9. Confusion matrices for second predicting flow patterns.
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Fig. 10. Regressing test for second predicting flow patterns.

3.2. Optimizing production parameters

When trying to increase oil and gas output without compromising wellbore stability,
neural networks are being used very effectively. Thanks to the use of optimization algo-
rithms and potential reinforcement learning models, the production parameters can be
handled more efficiently. To achieve precision, the process requires a large set of data
on the wellbore, production parameters and stability signs. The next section describes the
method and the characteristics of the data needed to accomplish these optimization aims.

The outcomes show that using a neural network for training helps to optimize vital
production parameters such as the rates of flow and chokes, and therefore both oil and gas
production rise and well stability can be maintained. For this purpose, a data-set containing
wellbore details, production information and their linked production rates, pressure drops
and indicators of stability is assembled. By using the Neural Network Toolbox in MATLAB,
together with genetic algorithms, the network is prepared to predict the production rate
and stability according to these conditions and settings as depicted by Fig. 11. The network
is then used to find the optimal parameters for production to maintain balance in the
wellbore and desired rates.

Because of the complexity, it becomes necessary to combine various predictive models,
depending on whether reinforcement should be included along with optimization methods
or neural networks. The focus variables in this research are the rate of oil production
(m3/s), rate of gas production (m3/s) and a measure of how stable the pressure changes
might be in the well, with slugging as a key risk. The data would include reservoir
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Fig. 11. Neural network diagram for producing parameters.

pressure (Pa), reservoir temperature (°C), wellhead pressure (Pa), what the choke size
is in millimeters (mm), pumping rate (m3/s) if artificial lift is used, gas injection rate
(m3/s) if gas lift is applied, percentage of water in the produced liquid (water cut), gas
volume to oil volume ratio (gas-oil ratio), wellbore details (including depth, diameter and
inclination) and the fluids, densities and viscosity. To effectively set production parameters
properly, this complete database would be key. The results differ significantly, and the
overall Mean Squared Error of all folds is 0.014975 (MSEs in Fold 1-5 are 0.0169, 0.0109,
0.0035, 0.0156, and 0.0280). The results of the prediction by the model are as follows:

• Oil Production Rate: 0.05196 m3/s
• Gas Production Rate: 0.050499 m3/s
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Fig. 12. Best validation permanence.

The predictive modelling process is thoroughly analysed as follows:
The validation performance of the neural network model, as depicted in Fig. 12, indicates

that the model has a good initial predictive performance with a mean squared error (MSE)
of 0.016171 at epoch 0. The early convergence indicates that the model quickly acquired
some important patterns in the data, which reduced error at the beginning. The similarity
of the values of MSE of the training and test sets also implies that the generalization of
the training sets and other sets is also similar, and this is an important parameter in the
assurance of reliability in application in the real world. Nevertheless, the fact that the
validation error does not decrease at all after the first epoch makes one wonder whether
the model itself could be further tuned (e.g., by changing learning rates or by using more
complex architectures) to increase its predictive depth.

Fig. 13 offers some critical information about the practical viability of the model, which
has low production rates (oil: 0.05196 m3/s, gas: 0.050499 m3/s) yet a high stability
indicator (0.76423). This indicates that the model places more emphasis on the flow sta-
bility rather than the maximum output, which conforms to industry priorities to eliminate
the hazardous conditions such as slugging or formation of hydrates. The stability versus
production efficiency trade-off is also one of the main factors that should be taken into
account; although the model provides a safe operation, one more way of optimization will
be whether it is possible to have higher production rates without affecting the stability.

The histogram of errors in (Fig. 14) supports the trustworthiness of the model as the
errors are closely concentrated around the value of zero, which means that the model is
very precise in its predictions. Nonetheless, these outliers are few and point to the fact
that some edge cases (e.g., extreme wellbore conditions) might need more training data
or feature engineering in order to achieve better robustness.

The (Fig. 15) training dynamics indicate that the gradient descent (gradient: 0.017409
at epoch 1) remains stable without validation failure, indicating that the model was not
over-fitting or diverging. The correlation plots in Fig. 16 further support this stability by
showing that the R-values are close to 1, which suggests that the predicted and actual
values were nearly perfectly related in a linear manner. This would show great predictive
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Fig. 13. Production rates and stability indicator.

Fig. 14. Error histogram for producing parameters.

performance; the close optimality of the correlations would also be the cause of examining
whether this model is over-fit to the training distribution and may fail to predict non-
observable, strongly varying field data. It may be suggested that the model will be put to
the test with noisy or incomplete data in the future to assess its resilience in less controlled
conditions.
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Fig. 15. Training dynamics checks of the model.

Fig. 16. Regressing test for producing parameters.
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4. Conclusions

The proposed study referred to the issue of forecasting and optimization of multi-phase
flow in deep wellbores, where more conventional models are not able to manage the
intricate relationships between flow patterns, pressure, and temperature. The originality of
the study was reflected in its combination of neural networks with mathematical modelling
to categorize flow patterns (bubble, slug, annular) in addition to optimizing the production
parameters, improving both efficiency and safety in hydrocarbon production. It involved
a multifaceted methodology that integrated experimental simulations, data collection by
sensors, and machine learning (via the Neural Network Toolbox in MATLAB) to train
predictive models based on major variables that included depth, pressure, flow rates, and
fluid properties. The key results of this study are explained below:

- The neural network was found to predict slug flow (100% accuracy) with added input
features (e.g., viscosity, wellbore geometry), whereas only 50% accuracy was found
with simple inputs (depth, pressure, flow rates).

- At the deeper levels, the preponderance was of the annular flow, and in its steep
pressure gradients (which are essential to the security), whereas the bubble flow was
more susceptible to changes of depth.

- The model forecasted low production (oil: 0.05196 m3/s, gas: 0.050499 m3/s) and high
stability (indicator: 0.76423), putting the safety of operations first, and the maximum
production second.

- Error histograms indicated that there were few deviations (zero errors were the most
frequent), and correlation plots indicated R-values near 1, indicating the reliability of
the model.

- The difference in flow patterns with ANOVA revealed significant differences between
flow patterns (p < 0.05), which supported the strength of the classifications of the
neural network.

These results showed that machine learning would be highly effective in predicting deep
wellbore flow patterns and optimizing production. Since the model allows balancing the
effectiveness of reservoir functions with stability, engineers are able to design wellbores in
a safer and more efficient manner. Nevertheless, the model can be enhanced in subsequent
research, such as reinforcement learning, to adapt the model to the alteration in the struc-
ture of the earth during mining. The results of related studies can establish a correlation
of the examined theory with practical engineering and contribute to increased safety and
efficiency in hydrocarbon operations.

5. Practical applications and recommendations

Consequently, the operators in the oil and gas industry will be able to optimize the
process of extracting resources, operate more safely and reduce expenses with the help of
the impact of data analysis on their work. Using neural networks in industrial operations
allows companies to (1) reach peak productivity by adjusting the rates and settings on
the spot with real-time predictions, (2) identify problems ahead of time like slugging
or unstable pressure changes, avoiding equipment damage and possible dangers in deep
wellbores and (3) make better choices for wellbore design, guided by the findings from
the modeling. This research extends operational efficiency and forms a pathway between
the theory of fluid dynamics and the field of hydrocarbon extraction. Still, to obtain the
best, further studies should focus on expanding the datasets to include a wider range of
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geological environments, harsh conditions and uncommon reservoirs, promoting broader
usability. With reinforcement learning, control systems may be capable of self-adjusting
based on wellbore changes, leading the industry on a path to autonomous operations.
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