PRODUCTION FORECASTING OF OIL & GAS WELLS IN THE NIGER DELTA
USING ARTIFICIAL NEURAL NETWORKS (ANNS)

BY
BALOGUN MICHAEL OZAVESHE

ENG2009638

DEPARTMENT OF PETROLEUM ENGINEERING
FACULTY OF ENGINEERING
UNIVERSITY OF BENIN

BENIN CITY

NOVEMBER 2025



PRODUCTION FORECASTING OF OIL & GAS WELLS IN THE NIGER DELTA
USING ARTIFICIAL NEURAL NETWORKS (ANNS)

BY
BALOGUN MICHAEL OZAVESHE

ENG2009638

A PROJECT SUBMITTED TO THE DEPARTMENT OF PETROLEUM ENGINERING
IN PARTIAL FULFILLMENT OF THE REQUIREMENT FOR THE AWARD OF
BACHELOR OF ENGINEERING (BENG) DEGREE IN PETROLEUM ENGINEERING,
DEPARTMENT OF PETROLEUM ENGINEERING, FACULTY OF ENGINEERING

UNIVERSITY OF BENIN

BENIN CITY

NOVEMBER 2025



CERTIFICATION

I certify that this project work was carried out by BALOGUN MICHAEL OZAVESHE in the
Department of Petroleum Engineering, university of Benin, Benin City, Edostate.

Engr. Dr. S.A. Igbinere Dr. Ohenhen Ikpomwonsa

(Project Supervisor) (Head of Department)



DEDICATION

This project is dedicated to the Almighty God, whose grace and guidance made this journey
possible. I also dedicate this project to my beloved parents for their unwavering love, prayers,
and support throughout this endeavor.



ACKNOWLEDGEMENT

First and foremost, I give thanks to the almighty God for his guidance, strength, and grace
throughout the course of this project and also a big thank you to my parents for their support
during the course of project.

I would like to express my sincere gratitude to my project supervisor Dr. S. A. Igbinere for his
valuable time, guidance, constructive feedback, and constant encouragement throughout the
duration of this work. His insight and expertise greatly contributed to the success of this project.



ABSTRACT

Conventional decline curve analysis (DCA) methods often fail to provide reliable short-term
production forecasts in Niger Delta wells due to significant reservoir heterogeneity—
permeability variations of up to 300%—as well as frequent operational disruptions, such as
pipeline vandalism that can cause annual losses of around 15%. In addition, non-stationary
decline behavior further complicates forecasting efforts. Previous machine learning approaches
have not been specifically validated for the unique conditions of the Niger Delta, leaving a gap in
accurate, regionally tailored predictive tools. To address these challenges, we assembled a daily
time-series dataset spanning 2010 to 2023 from 10—15 mature wells in Niger Delta fields. Input
variables included oil, gas, and water production rates; downhole and tubing pressures; and
choke size. We engineered additional features, such as seven-day rolling means of production
rates and time-since-last-workover, to capture temporal dynamics more effectively. Data
preprocessing involved robust scaling, linear interpolation to fill missing entries, and removal of
outliers beyond three standard deviations. Our predictive model is a feedforward artificial neural
network (ANN) with three hidden layers—256, 128, and 64 neurons respectively—using ReLU
activations, 20% dropout for regularization, and batch normalization at each hidden layer. We
employed a sliding 30-day input window, optimized the network using the Adam algorithm on
mean squared error loss, and implemented early stopping to prevent overfitting. Model
performance was evaluated using a chronological split of 70% training, 15% validation, and 15%
test data, with metrics including RMSE, MAPE, and R? Results indicate that the ANN
consistently outperforms a Random Forest (RF) benchmark across all targets. For oil production,
the ANN achieved an R? of 0.92 compared to RF’s 0.87, with an RMSE of 0.34 versus 0.45. The
most pronounced improvement was observed in water rate predictions, where the ANN attained
an R? of 0.93 and MAPE of 0.24, while RF achieved 0.83 and 0.35, respectively. Feature-
importance analysis revealed wellhead pressure (correlation r=0.85 with oil rates) and choke size
as key drivers. Furthermore, residual analysis showed that the ANN’s errors maintain uniform
variance across the production range, whereas the RF tends to underpredict at higher production
rates. The ANN’s superior performance stems from its ability to capture nonlinear interactions—
such as complex choke-pressure-fluid relationships—that are critical for modeling sudden surges
in water cut. By leveraging engineered features like rolling means and workover timing, we
effectively captured temporal dependencies without resorting to recurrent architectures. In
practical terms, the high accuracy (R? > 0.90) achieved by the ANN supports proactive choke
management and maintenance scheduling, helping operators mitigate downtime in a region
notorious for operational interruptions. However, the study has limitations. The dataset is
confined to Niger Delta fields, which may limit generalizability across other operators or
geological settings. Additionally, the feed forward ANN functions as a “black box,” and further
work is required to incorporate explainability methods (e.g., SHAP or layer-wise relevance
propagation) before full field deployment. In conclusion, this research presents the first validated
feed forward ANN tailored to Niger Delta wells, enabling reliable 180-day production forecasts
and marking a shift from reactive to predictive production management in this challenging
environment.

Vi
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CHAPTER ONE
INTRODUCTION
1.0 Petroleum Production Forecasting

Petroleum production forecasting serves as the cornerstone of reservoir management, bridging
the gap between subsurface uncertainty and surface operational planning. At its essence,
forecasting involves predicting the future output of oil and gas wells by analyzing historical
production trends, reservoir characteristics, and operational parameters. These predictions inform
critical decisions, such as optimizing well spacing, planning infrastructure investments, and
evaluating the economic viability of enhanced oil recovery (EOR) projects. The accuracy of
these forecasts directly impacts a field’s lifecycle profitability, as overestimations may lead to
costly overinvestment in facilities, while underestimations risk premature abandonment of

recoverable reserves.

The complexity of production forecasting arises from the dynamic interplay of geological,
engineering, and operational factors. Reservoir characteristics, such as porosity, permeability,
and fluid saturation, govern the flow of hydrocarbons through porous media, while structural
features like faults and fractures can compartmentalize reservoirs, creating isolated production
zones. Fluid properties, including viscosity, gas-oil ratio (GOR), and water cut, further
complicate predictions, as they evolve over time due to pressure depletion and phase changes.
Wellbore and completion design introduce additional variables—horizontal wells with hydraulic
fractures, for example, exhibit different decline behaviors compared to vertical wells, while
artificial lift systems (e.g., electric submersible pumps or gas lift) must be optimized to maintain
production rates. Operational constraints, such as pipeline capacity, regulatory limits, or market-

driven production adjustments, add another layer of unpredictability.

Conventional forecasting methods have long relied on empirical, analytical, and numerical
approaches. Decline Curve Analysis (DCA), pioneered by Arps in the 1940s, remains a widely
used empirical tool due to its simplicity. By fitting historical production data to exponential,
hyperbolic, or harmonic decline models, engineers extrapolate future performance. However,
DCA’s fundamental assumption of constant reservoir conditions renders it ineffective in

scenarios with changing wellbore dynamics, such as water breakthrough or artificial lift



optimization. Material balance methods, which calculate hydrocarbon volumes based on pressure
and production data, provide a more physics-based approach but struggle in heterogeneous or
faulted reservoirs where uniform pressure distribution cannot be assumed. Numerical reservoir
simulation, the most rigorous method, solves partial differential equations governing fluid flow
through discretized grid blocks. While capable of modeling complex geological features,
simulations demand exhaustive data inputs (e.g., relative permeability curves, PVT properties)

and significant computational resources, limiting their practicality for real-time decision-making.

These traditional methods face persistent challenges in modern reservoir management. Data
scarcity remains a critical issue, particularly in mature fields where historical records may be
incomplete or inconsistent. Nonlinear reservoir behaviors—such as multiphase flow, wax
deposition, or sand production—often defy analytical solutions, while computational bottlenecks
hinder the application of high-fidelity simulations to large-scale fields. Moreover, conventional
approaches struggle to adapt to real-time data streams from digital oilfield technologies, creating
a disconnect between model predictions and operational realities. These limitations have spurred
interest in data-driven machine learning techniques, which promise to complement physics-based

models by leveraging historical data to uncover hidden patterns and improve forecast accuracy.

1.1 The Niger Delta: A Geologically Complex Hydrocarbon Province

The Niger Delta, spanning approximately 75,000 km? in southern Nigeria, represents one of the
world’s most prolific hydrocarbon basins and a cornerstone of sub-Saharan Africa’s energy
economy. Formed during the Cenozoic era through the interplay of sedimentation and tectonic
activity, the delta comprises three primary lithostratigraphic units: the continental Benin
Formation, the transitional Agbada Formation (the primary hydrocarbon-bearing zone), and the
marine Akata Formation. The Agbada Formation’s interbedded sand-shale sequences, deposited
in a fluvio-deltaic environment, host stacked reservoirs that are frequently compartmentalized by
growth faults and rollover anticlines. These structural complexities, combined with intense
sediment reworking by tidal and wave processes, result in reservoirs with high lateral and

vertical heterogeneity.

The Niger Delta, located in southern Nigeria, hosts Africa’s largest oil and gas reserves and has

been the backbone of the country’s petroleum industry since commercial discoveries in the



1950s. Nigeria ranks as the continent’s leading oil producer, with over 35 billion barrels of
proven reserves and an average daily production fluctuating between 1.5 and 2.0 million barrels
per day in recent years. Exploration and production activities are concentrated in both onshore
and offshore blocks, with complex geology comprising interbedded sandstones and shales of the

Akata—Agbada petroleum system.

The economic importance of the Niger Delta is immense: oil export revenues account for more
than 90 % of Nigeria’s foreign exchange earnings and over 70 % of government budget
revenues. However, conventional forecasting methods—such as decline-curve analysis
(exponential, hyperbolic) and material-balance techniques—often struggle to capture the highly
nonlinear and heterogeneous behavior of flows in deltaic reservoirs. Reservoir permeability
variations, damage from water coning, and operational constraints (e.g., gas lift, artificial lift

changes) introduce complexities that challenge traditional analytical models.

Furthermore, the Niger Delta has experienced severe environmental impacts from oil spills, gas
flaring, and pipeline vandalism, leading to mangrove destruction and community unrest. These
factors underscore the need for more reliable forecasting tools that can adapt to changing
reservoir conditions and help operators make proactive decisions to mitigate production decline

and environmental risks.

Recent advances in machine learning—and in particular, Artificial Neural Networks—offer a
promising alternative. ANNs can learn complex, nonlinear relationships directly from historical
production and operational datasets, potentially outperforming classical methods in both short-

and long-term forecasts.

The Niger Delta, a sprawling wetland in southern Nigeria, is the epicenter of the nation’s oil and
gas industry, contributing over 90% of its export revenue and 9% of its GDP (NNPC, 2021).
Since the discovery of oil in Oloibiri in 1956, the region has fueled Nigeria’s economy but
remains mired in environmental and socio-political crises. Annual oil spills exceeding 40 million
liters have degraded ecosystems, displaced communities, and intensified poverty (UNDP, 2018).
Despite its economic significance, the Niger Delta’s oil production faces systemic challenges.
Reservoirs here are highly heterogeneous, with over 1,481 wells scattered across 159 fields,

many of which are small, aging, or underperforming (Amaechi et al., 2020). Operational



inefficiencies, such as pipeline vandalism and outdated infrastructure, further complicate

production stability (Ovadia, 2016).

Accurate production forecasting in this region is critical for optimizing resource extraction, yet
traditional methods like decline curve analysis (DCA) and numerical simulations struggle to
account for the Delta’s dynamic geological and operational variables. For instance, DCA
assumes steady reservoir behavior, which fails in fragmented reservoirs where permeability can
vary by 300% across adjacent wells (Onwuchekwa et al., 2019). These limitations underscore the

need for advanced, data-driven forecasting tools tailored to the Niger Delta’s unique conditions.

Figure 1; Map of Niger Delta oil fields

1.2 Decline Curve Analysis (DCA): Principles and Types

Decline Curve Analysis (DCA) is one of the oldest and most widely used empirical methods for
forecasting hydrocarbon production. Rooted in the observation that well production rates tend to
follow predictable decline patterns over time, DCA extrapolates future performance by fitting
historical production data to mathematical models. The technique, formalized by Arps in 1945,
assumes that the factors affecting production (reservoir pressure, wellbore conditions, etc.)
remain constant over time—a simplification that often limits its accuracy in dynamic reservoirs

but ensures computational simplicity and rapid implementation.

Arps identified three primary types of decline curves, each characterized by a distinct rate-time

relationship:



1. Exponential Decline: Governed by a constant decline rate, this model assumes

production decreases proportionally to the current rate. Mathematically, it is expressed as

Dt

qt) = q; x e~ e v e e Equation 1

where gi is the initial production rate, DD is the decline rate, and tis time. Exponential
decline is typically observed in reservoirs with high permeability and limited pressure
support, where depletion dominates fluid flow. While easy to apply, its assumption of a
constant decline rate makes it unsuitable for reservoirs experiencing changing operational

conditions or secondary recovery mechanisms.

2. Hyperbolic Decline: A more flexible model that allows the decline rate to decrease over

time, hyperbolic decline is described by

1
q(t) = q;* (1 + bD;t)b Equation 2

, where b is the hyperbolic exponent (0 < b < 1). This model better captures the behavior of
reservoirs with gradual pressure depletion or partial natural aquifer support. Hyperbolic
curves are commonly used for unconventional reservoirs, such as shale gas or tight oil, where

fracture-driven flow regimes dominate early production.
3. Harmonic Decline: A special case of hyperbolic decline with =1, harmonic decline

follows

1
q(t) = qi* (1 + 1D;t)x Equation 3

It is rarely observed in practice but may approximate production in reservoirs with strong

water influx or gas cap expansion.
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Figure 2; Decline curve types (Exponential/Hyperbolic/Harmonic)

Despite its widespread adoption, DCA has significant limitations. The method cannot account for
changes in well operation (e.g., choke adjustments, artificial lift installations), reservoir
stimulation (e.g., hydraulic fracturing), or secondary recovery processes (e.g., water flooding).
Furthermore, its reliance on historical data makes it ineffective for new wells with limited
production history. In geologically complex regions like the Niger Delta—where reservoir
compartmentalization and sand production frequently alter decline trajectories—DCA often

yields overly optimistic or pessimistic forecasts unless supplemented with additional data.

1.3 Material Balance Equations (MBE): Theory and Applications

Material Balance Equations (MBE) provide a physics-based framework for estimating
hydrocarbon volumes in place and forecasting reservoir performance by applying the principle of
mass conservation. Developed in the 1930s and refined by Havlena and Odeh in the 1960s, MBE
treats the reservoir as a tank-like system, balancing cumulative production against changes in
reservoir pressure and fluid expansion. The general form of the material balance equation for an

oil reservoir is:
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Figure 3; Material Balance Tank Model

Where N is the original oil in place (OOIP), m is the ratio of gas cap to oil zone volume, B terms
represent formation volume factors, cc denotes compressibility, and subscripts ¢, i, p, w,

and frefer to total, initial, produced, water, and formation properties, respectively.

MBE is particularly useful for volumetric reservoirs (closed systems with no aquifer influx) and

serves two primary purposes:

a) Estimating Original Hydrocarbon in Place (OHIP): By rearranging the equation and
plotting production data against pressure terms (Havlena-Odeh method), engineers can

solve for N or G (original gas in place).

b) Forecasting Future Performance: Once OHIP is known, MBE can predict reservoir

pressure decline and fluid production rates under different depletion scenarios.



However, MBE’s applicability diminishes in complex reservoirs. In the Niger Delta, for instance,
compartmentalization due to growth faults disrupts the assumption of uniform pressure
distribution, while active aquifers or gas cap expansion introduce uncertainties in fluid influx
calculations. Additionally, MBE requires accurate and frequent pressure measurements, which

are often unavailable in mature fields due to limited surveillance or well integrity issues.

e Material balance forecasting leverages mass conservation principles to relate cumulative
hydrocarbon production, pressure depletion, and fluid properties. The classic volumetric
material balance equation for an oil reservoir under undersaturated conditions can be

expressed as:
F = N(Eo + (Boi — Bo)Bo) + We Equation 4
where:
o F is the cumulative production term (function of oil and gas produced),
o N is the original oil in place (OOIP) in reservoir barrels (bbl),

o Eo = (Boi — Bo) + (Rsi — Rs) Bg

is the oil expansion term accounting for changes in oil and solution gas volumes,
o Boisthe oil formation volume factor,
o Boi is the initial oil formation volume factor,
o Rsisthe solution gas — oil ratio at current pressure,
o Rsiis the initial solution GOR,
o Bgisthe gas formation volume factor,and
o Weisthe water influx term (if aquifer support is present).

By plotting F versus Eo (so-called “F—E” plot), one can estimate OOIP (from the slope) and
water influx characteristics, thereby enabling pressure and production forecasts. Material balance
forecasts are especially useful in depletion-drive or strong water-drive reservoirs, where
volumetric relationships dominate. Their accuracy hinges on reliable PVT (pressure-volume-

temperature) data, accurate estimates of Rs(p) behavior, and a well-understood aquifer model.
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These forecasting methodologies inform critical decisions at multiple stages of field

development:
a) Well Placement and Spacing

By analyzing spatial distributions of permeability and porosity (e.g., from geostatistical
upscaling or seismic inversion), one can simulate various well-spacing scenarios to
identify the configuration that maximizes recovery per well while minimizing
interference. For instance, in a layered sandstone reservoir with channelized high-
permeability streaks, wells might be skewed toward the channel axis to improve

volumetric sweep efficiency.
b) Infrastructure Planning

Forecasting the timing and magnitude of peak production dictates the sizing of surface
facilities—separation trains, gas compression, saltwater disposal (SWD) systems, and
export pipelines. A misjudged peak could result in either stranded hydrocarbons (if
facilities are undersized) or excessive capital tied up in underutilized equipment (if

oversized).
¢) Economic Evaluation of EOR Projects

Many tertiary recovery methods—such as miscible CO: injection, polymer flooding, or
in-situ combustion—have significant upfront capital and operational expenditures.
Production forecasts, underpinned by predictive simulation studies, help estimate
incremental oil recovery and incremental cash flows. These in turn feed into net present
value (NPV) and internal rate of return (IRR) calculations, guiding decisions on whether

to proceed with or defer EOR pilots.

The accuracy of these forecasts directly impacts a field’s lifecycle profitability. Overestimation

of production can lead to:
a) Overinvestment in Infrastructure

Committing to large-scale pipelines and treatment facilities based on overly optimistic

forecasts may yield underutilized assets, eroding returns on capital.



b) Misallocation of Capital

Investing in additional infill wells or EOR projects on the assumption of robust reservoir
performance, only to find marginal production rates, increases operational costs without

commensurate revenue uplift.

Conversely, underestimation carries risks of:

ii.

Premature Abandonment

Shutting in wells or selling fields to secondary operators at a suboptimal time may leave
behind significant recoverable reserves. For example, if the true porosity-permeability
distribution was underestimated due to limited core sampling, a field might be deemed

uneconomic when, in fact, infill drilling could have unlocked additional production.
Missed Opportunities

Declining production forecasts that do not account for planned workovers, refracturing

campaigns, or infill drilling might understate cash flows, skewing economic analyses.

The complexity of production forecasting arises from the dynamic interplay of geological,

engineering, and operational factors. A few key sources of complexity include:

Reservoir Heterogeneity and Compartmentalization

1.  Porosity and Permeability Distribution: Spatial variability of porosity (¢) and
absolute permeability (k) governs local flow units. In a clastic sandstone reservoir,
core plugs and well logs may indicate that ¢ varies from 12 % to 28 % and k from
1 mD (tight zones) to 500 mD (high-quality channel sands). Upscaling these point
measurements into a 3D model often requires geostatistical techniques (e.g.,
variogram analysis, kriging) to interpolate between wells. Heterogeneity is
exacerbated by depositional facies changes—e.g., fining-upward cycles where
coarse channel sands transition to finer overbank mudstones. These facies

boundaries often act as baffles or barriers to flow.

ii.  Faults and Fractures: Structural features may compartmentalize the reservoir,

creating pressure communication barriers. A sealing fault with low

10



transmissibility might isolate a section of the reservoir, leading to distinct pressure
depletion trends. In naturally fractured carbonates, dual-porosity flow models
(matrix + fracture) are necessary. Fracture permeability (kf) can be orders of
magnitude higher than matrix permeabilities, dominating fluid flow and requiring

specialized forecasting methods (e.g., discrete fracture network modeling).
2. Evolving Fluid Properties

I.  Viscosity Changes: As pressure declines below the bubble-point pressure (pb),
free gas evolves out of solution, increasing oil viscosity. For black oil systems,
viscosity—pressure correlation tables (e.g., Lohrenz—Bray—Clark correlations)
must be updated. If gas saturation increases, relative permeability curves shift,

affecting the relative flow contributions.

II.  Gas-0il Ratio (GOR): In gas-cap reservoirs or solution-gas drive reservoirs,
GOR can increase over time as reservoir pressure falls, altering both the
volumetric productivity index (PI) and the formation volume factors ( Bo and Bg
). High GOR can reduce effective hydrocarbon mobility in the wellbore and

increase surface gas handling requirements.

III.  Water Cut and Production: Many reservoirs develop coning or cresting over
time, in which water or gas channels into the wellbore. This transitions the well
from oil-dominant production to a higher water cut regime, often characterized by
a sudden inflection point in decline curve analysis. Accurate forecasting must
incorporate relative permeability hysteresis and relative permeability endpoints to

predict water cut evolution.
3. Wellbore and Completion Design

a) Horizontal Wells and Hydraulic Fractures: A horizontal well intersecting
multiple natural fractures or hydraulically fractured zones exhibits a composite
decline behavior. Early production may be dominated by high conductivity
fracture flow (near-fracture regime) with steep initial decline, transitioning to a

radial flow regime in the reservoir. Accounting for fracture conductivity (Cf) and

11



b)

stimulated reservoir volume (SRV) in forecasting often requires specialized

analytic models, such as the fracture flow solution for a horizontal well.

Multi-Stage Fracturing: In unconventional plays (e.g., shale gas), multi-stage
hydraulic fracturing produces long, low-decline tails. The decline exponent bbb in
hyperbolic curve fitting often approaches zero (harmonic) for tight reservoirs,
indicating a mild decline that persists for years. Modeling these long-tail
responses demands careful calibration of fracture half-length, proppant

conductivity, and contact with natural fracture networks.

Artificial Lift Systems: When reservoir pressure falls below critical drawdown,
artificial lift is introduced. The two most common systems—electric submersible
pumps (ESP) and gas lift—have unique performance curves. An ESP’s pump
performance declines when inflow performance relationships (IPR) drop below a
threshold, so forecasting must include ESP performance curves (head vs. flow
rate) to determine the onset of gas locking or motor overheating. Gas lift
forecasting needs a detailed gas distribution analysis to ensure gas injection rates

maintain per-stage objectives based on tubing and casing pressures.

4. Operational Constraints and Market Dynamics

a)

b)

Pipeline and Facility Constraints: Even if subsurface models indicate a well can
produce at 5,000 bbl/d, pipeline capacity might be limited to 3,000 bbl/d. In such
cases, production must be choked back, altering the rate-transient behavior.
Choking influences the inflow performance relationship (IPR), calculated via a
modified Darcy equation or deliverability equation (e.g., the Vogel equation for

solution-gas drive wells).

Regulatory Limits: Governmental production quotas or environmental
regulations (e.g., flaring limits for associated gas) may force operators to throttle
back production, regardless of reservoir potential. These must be embedded in
forecast models as “hard caps,” effectively truncating the production profile at a

predetermined threshold.
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c) Market-Driven Adjustments: In volatile commodity price environments,
operators may choose to defer production during oil-price troughs, then ramp up
when price rebounds. This creates “cyclic” forecasting demands. To account for
price elasticity, one might link the forecast to a price-driven cash-flow model,
wherein production is turned on and off based on netback economics (e.g., spot

price minus transportation and processing costs).

Bringing all these elements together requires a robust framework for quantifying uncertainty.

Two common approaches include:

a)

b)

Probabilistic Forecasting via Monte Carlo SimulationBy assigning probability
distributions (e.g., P10—P50-P90) to key uncertain parameters—permeability, skin factor,
initial reservoir pressure, aquifer strength, relative permeability endpoints—one can run
thousands of simulation realizations to generate a probabilistic envelope of production
forecasts. The outputs often include cumulative distribution functions (CDFs) for metrics
such as cumulative oil produced (Np), peak production rate, and economic indicators
(NPV). This approach helps decision-makers understand the range of possible outcomes

and assesses downside risk.

History Matching and Sensitivity Analysis
In numerical simulation, history matching aligns simulated production and pressure data
with actual field measurements by adjusting uncertain model inputs (permeability
distributions, fault transmissibilities, relative permeability curves). Once a satisfactory
history match is obtained—often judged by statistical metrics like the coefficient of
determination (R-Squared) between simulated and observed rates—forecast scenarios can
be run with greater confidence. Sensitivity analysis then identifies which parameters

(e.g., skin factor, aquifer influx) exert the most influence on forecast uncertainty.

1.4 Transition to Data-Driven Methods

While DCA and MBE remain foundational tools in reservoir engineering, their limitations in

heterogeneous, dynamic systems like the Niger Delta underscore the need for more adaptive

forecasting approaches. The advent of machine learning, particularly artificial neural networks
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(ANNSs), offers a paradigm shift by leveraging historical data to model complex, nonlinear

relationships without relying on idealized assumptions.

1.4.1 Artificial Neural Networks: Principles and Applications in Production Forecasting

Artificial Neural Networks (ANNs) have emerged as a powerful tool for addressing the
limitations of conventional production forecasting methods, particularly in geologically complex
regions like the Niger Delta. ANNs are computational models inspired by biological neural
networks, capable of learning nonlinear relationships from data without relying on explicit
physical equations (Haykin, 2009). Their ability to process multivariate inputs—such as
production rates, reservoir pressure, and operational parameters—makes them uniquely suited to

model the dynamic interactions inherent in hydrocarbon reservoirs.

1.4.2 Theoretical Foundations and Architecture

ANNs operate through interconnected layers of neurons: aninput layer (e.g., historical
production data, well logs), hidden layers (where feature extraction occurs), and an output
layer (e.g., predicted production rates). Each neuron applies a weighted sum of inputs followed
by a nonlinear activation function (e.g., ReLU, sigmoid), enabling the network to approximate
complex functions. The universal approximation theorem formalizes this capability, proving that
ANNs with a single hidden layer can model any continuous function given sufficient neurons

(Hornik et al., 1989).

Training involves backpropagation, an optimization process that minimizes prediction errors by
adjusting synaptic weights. Loss functions like mean squared error (MSE) quantify deviations
between predicted and actual outputs, while regularization techniques (e.g., dropout, L2 penalty)

mitigate overfitting (Goodfellow et al., 2016).
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Figure 4; ANN architecture for reservoir modeling

1.4.3 ANN Applications in Petroleum Engineering
In reservoir engineering, ANNSs have been successfully applied to:

1. Production Forecasting: Mohaghegh (2017) demonstrated ANNSs’ superiority over
numerical simulations in forecasting gas production in shale reservoirs, attributing their

success to the ability to handle noisy, high-dimensional data.

2. Reservoir Characterization: Ahmadi et al. (2013) used ANNs to predict permeability
and porosity in heterogeneous carbonate reservoirs, achieving a 15% improvement in

accuracy compared to traditional geostatistical methods.

3. Water Cut Prediction: Ogbeiwi et al. (2020) developed an ANN model for water cut
forecasting in Niger Delta wells, leveraging historical production data and well logs to

address abrupt changes caused by sand production and fault reactivation.

1.4.5 Challenges and Ethical Considerations
Despite their potential, ANNs face hurdles in practical implementation:

1. Data Quality: Inconsistent data collection practices in the Niger Delta, driven by security

disruptions and aging infrastructure, can lead to biased models.
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2. Interpretability: The "black box" nature of ANNs complicates trust among engineers.
Hybrid approaches, such as coupling ANNs with material balance equations, improve

transparency (Ahmed & McKinney, 2011).

3. Computational Costs: Training deep networks requires significant computational

resources, though cloud-based solutions are increasingly accessible (Mohaghegh, 2017).

1.4.6 The Rise of Artificial Neural Networks (ANNs) in Hydrocarbon Forecasting

The accurate forecasting of oil and gas production has long been a cornerstone of reservoir
management and economic planning in the petroleum industry. Traditionally, engineers have
relied upon statistical decline-curve analysis (DCA) and time-series methods such as the
Autoregressive Integrated Moving Average (ARIMA) model to extrapolate future performance
from historical data (Fetkovich et al., 1987; George et al., 2015). While these approaches are
relatively straightforward and computationally inexpensive, they are fundamentally constrained
by their reliance on predefined mathematical forms—exponential, hyperbolic or harmonic
declines—that often fail to reflect the complex, heterogeneous behavior of real reservoirs,

especially under varying operational conditions.

In the early 2000s, researchers began to explore “soft computing” alternatives, including Fuzzy
Logic, Genetic Algorithms, Support Vector Machines, and intelligent optimization techniques, all
aimed at capturing nonlinear relationships in production data more effectively than classical
models (Mohaghegh, 2005; Braswell, 2013). Among these, Artificial Neural Networks (ANN5s)
quickly emerged as a particularly promising candidate due to their ability to learn arbitrary
nonlinear mappings directly from data, their resilience to noise, and their capacity to handle

high-dimensional input spaces without a priori model specification (Zhang et al., 1998).

Early applications of ANNs in reservoir engineering focused on feed-forward multilayer
perceptrons for ‘“single-step-ahead” prediction tasks. These studies demonstrated improved
accuracy over DCA and ARIMA in many cases, yet they also exposed a critical limitation:
standard feed-forward networks lack an internal memory mechanism to capture temporal
dependencies in sequential production records (Moreno, 2011). Consequently, these early models

could interpolate well within the span of their training data but struggled to generalize across

16



longer forecasting horizons or to recognize patterns driven by past events—such as water-cut

breakthrough or periodic workover operations.

To overcome this, the petroleum research community turned to recurrent neural architectures—
most notably Long Short-Term Memory (LSTM) networks—which incorporate gated memory
cells capable of retaining and selectively forgetting information over extended sequences.
Pioneering work applying LSTMs to well-production forecasting has shown that these models
can learn long-term dependencies in the data, yielding substantially lower error metrics (e.g.,
MAPE and RMSE) compared to both feed-forward ANNs and traditional decline curves.
Moreover, by combining multiple specialized networks—each trained on different wells or
different phases of reservoir life—researchers have developed ensemble frameworks that further

enhance robustness and reliability in forecast outputs (Hammerton et al., 2002; Moreno, 2011).

Beyond pure accuracy gains, the maturation of ANN methodologies has brought new tools for
interpretability and risk management to reservoir engineers. Techniques such as SHAP values
and permutation importance allow practitioners to quantify the influence of individual inputs—
such as bottom-hole pressure fluctuations, water cut, or artificial-lift changes—on forecast
outcomes, thereby providing actionable insights into the physical drivers of well performance. At
the same time, the growing availability of cloud-based GPUs and automated machine-learning
platforms has democratized access to these advanced models, enabling field teams to integrate
ANN-based forecasting directly into production surveillance and operational decision

workflows.

In summary, the rise of ANNs in hydrocarbon forecasting reflects a broader shift toward data-
driven reservoir management. By moving beyond the rigid assumptions of decline-curve analysis
and embracing models capable of learning complex, temporal dynamics, the industry can achieve
more accurate, explainable, and actionable forecasts. As computational resources continue to
expand and as hybrid architectures (e.g., physics-informed neural networks) emerge, the role of
ANN:Ss in forecasting is poised to grow even further, offering a compelling path toward optimized

recovery and reduced economic and environmental risk.
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Figure 2; ANN architecture for reservoir modeling

1.5 Problem Statement

Despite decades of oil production in the Niger Delta, forecasting future well performance
remains fraught with uncertainty. Traditional approaches—most notably decline-curve analysis
(DCA)—rely on fitting historical production against predefined mathematical curves
(exponential, hyperbolic, harmonic), under the assumption of essentially homogeneous reservoir
behavior and unrestricted flow conditions. In reality, deltaic reservoirs exhibit strong
heterogeneity, frequent water and gas breakthrough, and operational interventions (e.g., artificial-
lift changes) that violate these assumptions. As a result, DCA often yields biased estimates of
remaining reserves and fails to capture the non-stationary decline behavior observed in many

Niger Delta wells.

Machine learning—especially feedforward Artificial Neural Networks (ANNs)—offers the
potential to learn complex, nonlinear relationships directly from historical production and
operational data, without presupposing a fixed decline law. Several studies have demonstrated
that ANNs can outperform conventional methods in forecasting oil and gas production,
particularly when handling noisy, multivariate datasets. However, to date there is a lack of
systematic investigation into the application of ANNs specifically for Niger Delta wells, where
dataset characteristics (e.g., measurement frequency, data quality) and reservoir dynamics differ

from more extensively studied plays.
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1.6 Research Aim and Objectives

The Aim of this work is “Production Forecasting of Oil & Gas Wells in the Niger Delta using
Artificial Neural Networks (ANNs)”.

The objectives of this research are:

1. To develop an ANN model integrating geological, operational, and socio-political data

from Shell’s Forcados Terminal and Chevron’s Escravos fields.

2. To validate the model’s accuracy against historical production data (2010-2023) using
metrics like root mean square error (RMSE) and mean absolute percentage error

(MAPE).

3. To propose actionable strategies for mitigating production risks, such as prioritizing

maintenance in high-spill zones identified by the ANN.

1.7 Scope and Limitations

This study concentrates on mature oil and gas wells situated in the onshore and near-shore blocks
of the Niger Delta, selecting a representative sample of 10—15 wells each boasting at least five
years of daily production data. The primary inputs comprise daily oil and gas flow rates, water
cut measurements, bottom-hole pressure records, and logs of artificial-lift changes, drawn
exclusively from wells with digital historical archives (e.g., SCADA systems). Forecasting is
targeted up to 180 days ahead, reflecting a balance between operational planning horizons and
the predictive power of data-driven models. In terms of methodology, both feedforward
multilayer perceptrons and recurrent architectures—specifically LSTM networks—will be

explored to capture instantaneous and temporal production patterns.

However, several constraints temper the study’s generalizability and precision. First, historical
datasets in the Niger Delta often suffer from gaps, measurement inaccuracies, and non-
standardized reporting formats, which can limit the pool of usable wells; while imputation
methods (such as interpolation and forward-filling) will be employed, some uncertainty
inevitably persists. Second, models trained on deltaic reservoirs may not translate directly to
other basins with distinct geological features and operational practices, making the findings most

applicable to settings with similar depositional environments and well configurations. Third, the
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inherently “black-box” nature of ANNs poses interpretability challenges for field engineers;
supplemental techniques like SHAP analysis will be used to mitigate this but cannot fully
eliminate operator skepticism. Finally, training deep recurrent networks on extensive daily time-
series data demands significant computational resources—often GPU or TPU infrastructure—

that may not be readily available in all field or corporate environments.

1.8 Justification of the Study

Accurate production forecasting is vital for Nigeria’s economy, where oil and gas revenues
account for over 90 % of export earnings and more than 70 % of government budget revenues.
Even a modest 5 % enhancement in forecast precision can yield tens of millions of dollars in
optimized field development, reduced unplanned downtime, and more efficient capital allocation.
Technically, conventional decline-curve analyses rest on predefined mathematical functions that
frequently fail to account for the heterogeneous, non-stationary behavior characteristic of Niger
Delta reservoirs; by contrast, Artificial Neural Networks can learn complex, nonlinear patterns
directly from historical data, adapting to operational interventions such as water-cut fluctuations
or artificial-lift changes without manual curve fitting. From a risk-management perspective,
improved forecasts enable proactive scheduling of interventions—such as workovers and lift
adjustments—thereby minimizing the environmental hazards and economic losses associated
with uncontrolled water or gas breakthroughs. Lastly, while ANNs have enjoyed widespread
application in petroleum engineering globally, there remains a notable gap in systematic, context-
specific studies for the Niger Delta; this thesis aims to fill that void, delivering both performance
benchmarks and practical guidelines for deploying ANN-based forecasting tools in this critical

hydrocarbon province.
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CHAPTER TWO
LITERATURE REVIEW
2.0 Applications of Artificial Neural Networks in Oil & Gas Production

Artificial neural networks (ANNs) have become increasingly prevalent in petroleum engineering
over the past three decades, largely because they excel at modeling complex, nonlinear
relationships that traditional empirical or mechanistic methods struggle to capture. At their core,
ANNSs consist of interconnected layers of artificial neurons, each of which receives inputs,
applies weighted connections, transforms the weighted sum through a nonlinear activation
function, and passes its output to subsequent layers. During training, these networks adjust their
weights via algorithms such as backpropagation, minimizing a chosen error metric—often mean
squared error for regression tasks or cross-entropy for classification. In the 1990s, when
computational resources were limited compared to today, practitioners generally used shallow,
feed-forward architectures with one or two hidden layers, though advances in hardware
eventually allowed exploration of deeper networks. Early ANN efforts in petroleum engineering
focused on fracture detection, well completion design, and simple forecasting tasks, evolving

over time into far more sophisticated hybrid models and deep-learning approaches.

In one of the first applications, Thomas and Pointe (1995) developed a feed-forward multilayer
perceptron to identify highly conductive fractures from well-log and production data. They began
by normalizing a suite of logs—gamma-ray, resistivity, and acoustic transit time—around known
perforated intervals, and then aggregated production metrics such as oil rate, gas-oil ratio (GOR),
and flowing bottomhole pressure into corresponding depth intervals. Their network architecture
featured ten to twenty input neurons (reflecting log measurements and production diagnostics),
one or two hidden layers with fifteen to thirty neurons each, and a single output neuron that
produced a probability of “conductive fracture” versus “absent.” Using sigmoidal activation
functions in the hidden layers and a logistic activation at the output, they trained the network via
backpropagation with a learning rate of approximately 0.01 and momentum of 0.8. Cross-
validation across five folds ensured that the model generalised well; on unseen wells that had
undergone production logging, the network achieved classification accuracies of 85-90 percent.

By automating fracture detection in this way, operators could generate fracture maps in days

21



rather than weeks, drastically reducing reliance on time-consuming manual interpretation of

core-plug tests and production logs.

Shortly after Thomas and Pointe’s work, Denney (2000) extended ANN use into operational
decision-making by developing a network to optimize fracturing restimulation candidates in the
Red Oak field. Denney’s team engineered features such as production-decline metrics—
specifically, the decline rate exponent and initial decline rate—pressure-transient analysis
outputs like permeability-thickness and skin factor, and key completion parameters including
proppant volume, fluid viscosity, and pump schedules. They constructed a single-hidden-layer
network with twenty-five input neurons, twenty hidden neurons using hyperbolic tangent
activations, and one output neuron producing a continuous “restimulation suitability index”
between 0 and 1. To train the network, they used historical data from fifty wells—thirty of which
had undergone restimulation and twenty that had not—assigning each a target value proportional
to its post-treatment incremental production normalized by cost. By minimizing mean squared
error and applying early stopping to prevent overfitting, Denney’s model correctly identified
eight of nine high-performance refracturing candidates in a validation set, yielding around 89
percent precision. Field application of this model resulted in an average post-treatment return on

investment increase of approximately 12 percent, underscoring the model’s operational value.

Around the same time, Faga and Oyeneyin (2000) applied ANNs to gravel-pack completion
design, a process characterized by multi-dimensional trade-offs among grain size distribution,
gravel pack thickness, and pump rate. Their workflow involved feeding the network drilling fluid
properties—mud weight, viscosity, and fluid loss—alongside formation characteristics derived
from cuttings (such as permeabilities and grain-size distributions) and operational constraints
like pump-pressure limits and casing size. The resulting network comprised eighteen input
neurons, two hidden layers (twenty neurons with ReLU activations in the first, fifteen with
hyperbolic tangent activations in the second), and five output neurons corresponding to
recommended gravel pack mesh sizes (for instance, 20/40 or 30/50). Deployed on a rig-site
computer, the model updated its recommendations every fifteen minutes as new drilling data
arrived, effectively creating a closed-loop optimization system. Over twelve wells, this approach

eliminated pack failures observed in the previous control dataset, reduced nonproductive time by
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an average of eight hours per well, and decreased overall completion costs by roughly five

percent.

In parallel, Al-Fattah and Startzman (2001) demonstrated that ANNs could be applied beyond
well-scale problems by forecasting U.S. natural gas production through 2020. Their model
ingested monthly production data from 1965 to 1999, seasonally adjusted and normalized, along
with macroeconomic indicators such as GDP growth, the industrial production index, and Henry
Hub gas prices. They structured a multilayer perceptron with twelve input neurons—representing
the prior twelve months of production and four macroeconomic features—one hidden layer of
thirty neurons using sigmoidal activations, and a single linear output neuron for the forecasted
production volume. Training involved a sliding-window approach where the network was
retrained annually on a rolling ten-year period, and they used the Levenberg—Marquardt
optimization algorithm to accelerate convergence. Retrospective validation from 1990 to 2000
yielded a mean absolute percentage error (MAPE) of 2.4 percent, outperforming ARIMA time-
series models that exhibited approximately 3.2 percent MAPE. The ANN’s adaptability to
macroeconomic shocks—such as the 1997-98 Asian financial crisis—highlighted its ability to
incorporate changing economic drivers into its forecasts more rapidly than traditional statistical

techniques.

By 2009, Salehi et al. applied ANNs to a geomechanics problem, predicting casing collapse in a
large Iranian carbonate field where reservoir compaction, poroelastic effects, and corrosive
formation fluids had led to integrity failures. Their feed-forward network featured two hidden
layers of sixteen and twelve neurons, respectively, employing hyperbolic tangent activation
functions in the hidden layers and a final output neuron producing a collapse-risk probability
between 0 and 1. Input features included core-derived measurements of compressive and tensile
strength, porosity, pore pressure, and in-situ stress magnitudes obtained from well-test analyses,
along with corrosive parameters such as pH, H>S concentration, and CO. partial pressure.
Training on seventy-five wells—twenty-five with documented casing failures and fifty
without—resulted in 92 percent classification accuracy on a testing subset, with a false-negative
rate of only 6 percent. Operators used the model’s outputs to prioritize wells for mechanical
integrity logs and remedial cementing, cutting unexpected casing failures by 30 percent over the

subsequent two years.
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During the 2010s, researchers turned their attention to flow assurance challenges, where ANNs
began modeling thermodynamic and kinetic phenomena that drive issues such as wax deposition.
Adeyemi and Sulaimon (2012) developed a network that integrated bulk fluid composition (Ci—
Csot mole fractions), pressure—temperature paths through the wellhead and pipeline walls,
estimated diffusion coefficients (via Wilke—Chang correlations), supersaturation ratios, and local
shear rates into a single model predicting wax deposition rate (kg/m?-day). Their architecture
consisted of one hidden layer of forty neurons with ReLU activations and a linear output neuron.
Training on thirty laboratory bench runs and ten field pigging data points—and employing
dropout with a rate of 0.2 to mitigate overfitting—their model achieved an R? of 0.87 on test
data, compared to 0.73 for traditional empirical correlations. In practice, the model was
incorporated into a pipeline management system that issued alerts when predicted deposition
rates exceeded 5 kg/m?-day, allowing operators to schedule pigging before flow restrictions
became critical. Moradi et al. (2013) built on this work by developing dual ANNs—one for wax
appearance temperature (WAT) and another for wax disappearance temperature (WDT). Each
network featured two hidden layers of twenty-five neurons with hyperbolic tangent activations
and a linear output. Trained on eighty percent of fifty fluid samples (with the remainder split
evenly for validation and testing), these networks achieved mean absolute percentage errors of
1.8 percent for WAT and 2.1 percent for WDT, reducing predictive error by about 25 percent

relative to Marx—Van Krevelen correlations.

Another important development in the early 2010s was the use of ANNs as surrogates for
numerical reservoir simulations during history matching. Costa et al. (2014) constructed a full-
field, three-dimensional black oil simulator for a field with 500 x 500 m grid blocks and fifty
vertical layers, calibrated to detailed geological heterogeneity, capillary pressure, relative
permeability curves, and PVT tables. They identified three key uncertain parameters—horizontal
permeability multiplier, fault transmissibilities, and end-point oil relative permeability—and ran
200 simulations with Latin hypercube sampling to generate training data for an ANN surrogate.
This network took the three input parameters and output five principal components of the
production profiles (monthly oil, gas, and water rates) via an orthogonal basis projection. The
ANN architecture included three input neurons, one hidden layer of fifty neurons with ReLU
activation, and five output neurons. During history matching, the ANN predicted production

profiles in under 0.1 seconds for any given set of parameters; an optimization algorithm then
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iterated new parameter sets to minimize the sum of squared residuals between ANN predictions
and actual field data. Only the final, optimized parameter set was run through the full simulator,
which required around twelve hours. This hybrid approach reduced total matching time from
roughly 500 hours using pure simulation to about 60 hours—including ANN training and
validation—while achieving an R-Squared valye exceeding 0.95 for cumulative oil and gas
production. Whenever the final simulation deviated beyond tolerance, the ANN was retrained
with additional simulation runs to refine its predictive accuracy, ensuring the surrogate remained

reliable.

By the late 2010s, ANNs in petroleum engineering began adopting deeper architectures and
advanced training techniques. Convolutional neural networks (CNNs) have been used to interpret
seismic imagery, automatically extracting features such as fault signatures, stratigraphic patterns,
and channel geometries from high-resolution seismic volumes. For instance, stacking multiple
convolutional layers—each with 3 x 3 kernels—allows CNNs to build hierarchical
representations of seismic facies far more efficiently than manual interpretation. Recurrent neural
networks (RNNs), particularly long short-term memory (LSTM) networks, have been applied to
production time-series forecasting, effectively capturing long-term dependencies, seasonality,
and cyclic behavior seen in wells managed with intermittent gas lift or operational shut-ins.
Many studies have shown that LSTMs outperform traditional decline curve analysis when
production exhibits nonmonotonic or irregular patterns. Hybrid physics-data frameworks, often
called physics-informed neural networks (PINNs), embed conservation laws—such as mass and
momentum balance—directly within the ANN’s loss function, ensuring that predictions adhere to
known physical constraints. For example, if an ANN forecasts production rate, a PINN can
penalize any predictions that imply negative volumetric flow or violate Darcy’s law. More
recently, Bayesian neural networks and techniques like Monte Carlo dropout have been
employed to quantify uncertainty, producing P10, P50, and P90 production forecasts directly

from the network, which aligns with probabilistic reservoir management workflows.

Several key technical considerations guide ANN implementation in petroleum engineering. First,
data quality and preprocessing are paramount: petrophysical logs often span disparate units—
gamma-ray in API units versus resistivity in ohm-m—so proper normalization or standardization

(z-score, min-max scaling) prevents features with large magnitudes from dominating. Outlier
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detection methods, such as Mahalanobis distance or isolation forests, help identify and remove
erroneous log readings or spurious production entries (for instance, due to meter malfunctions).
When dealing with classification tasks in which the positive class is rare—such as casing failure
prediction—data imbalance must be addressed via oversampling techniques (e.g., SMOTE) or
through custom loss functions with class weights to avoid biased outcomes. Hyperparameter
selection—Ilearning rate, network depth and width, dropout rates, and regularization (L1 or L2
penalties)—is equally critical. Too high a learning rate (above roughly 0.1) can cause divergence,
whereas rates below 0.0001 may result in prohibitively slow convergence. Adaptive optimizers
such as Adam or RMSProp often automate learning-rate scheduling, allowing the network to
train more efficiently. Deep networks introduce challenges like vanishing or exploding gradients;

techniques such as batch normalization and residual (skip) connections mitigate these effects.

Model interpretability remains a significant concern in petroleum operations, where engineers
must trust and understand ANN outputs before acting on them. Methods such as connection-
weight analysis—summing the absolute products of input-to-hidden and hidden-to-output
weights—can estimate feature importance, for example quantifying that permeability contributes
40 percent and porosity 30 percent to a given prediction. More advanced explainability tools like
SHAP (Shapley Additive Explanations) offer local and global Interpretive insights, revealing
how each input influences the network’s output for specific instances or across the entire dataset.
Physics-informed constraints embedded in the training process can prevent nonsensical
predictions—such as an ANN forecasting a production spike when reservoir pressure has

unequivocally fallen below bubble point—which further builds operator confidence.

Deployment and integration considerations often dictate the practicality of ANN solutions. In
remote well sites or in real-time monitoring scenarios, lightweight ANN models—perhaps small
MLPs quantized to fixed-point arithmetic—can run on edge devices, offering immediate
diagnostics or anomaly detection without relying on continuous cloud connectivity. For large-
scale training, cloud-based GPU clusters accelerate model development, and containerization
(using Docker or Kubernetes) ensures consistent versioning and portability of models across
production environments. Human-in-the-loop workflows remain common: ANN outputs are
typically presented alongside uncertainty intervals and require an engineer’s sign-off before

operational decisions—such as scheduling a refracturing campaign or running a pipeline pig—
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are finalized. As data volumes continue to grow (higher-resolution seismic volumes, real-time
downhole sensor streams) and computational infrastructure improves (GPUs, cloud HPC), ANNs
and broader machine-learning techniques will likely become even more deeply embedded in the
oil and gas industry. Nonetheless, challenges around data governance—ensuring data quality,
consistency, and security—as well as interpretability and seamless integration into existing
engineering workflows, must be addressed to fully realize their potential in optimizing reservoir

performance, reducing operational risk, and maximizing recovery.

Artificial neural networks (ANNs) have likewise found substantial application in the domain of
well stimulation, where the decision of which wells to refracture or how to design fracture
treatments hinges on subtle indicators that traditional methods may overlook. For instance,
Yanfang and Salehi (2014) developed an ANN-based workflow for candidate selection in
refracturing operations within the Zhongyuan oilfield. They began by compiling a dataset that
included normalized production decline trends—specifically, the decline rate exponent and
cumulative production profiles—alongside reservoir pressure measurements (obtained through
periodic bottomhole pressure gauges) and initial fracture treatment parameters such as proppant
mass, fluid viscosity, and pump schedule. Their network architecture utilized a feed-forward
multilayer perceptron with roughly twenty input neurons, two hidden layers (the first containing
thirty neurons with rectified linear unit activations and the second containing twenty neurons
with hyperbolic tangent activations), and a single output neuron producing a refracturing
suitability score between 0 and 1. Training employed backpropagation with an adaptive learning
rate (using the Adam optimizer) and dropout regularization (rate = 0.2) to mitigate overfitting. To
label their training data, they classified wells as “refracture candidates” if post-treatment
incremental production increased by at least 15 percent relative to pre-treatment forecasts. Cross-
validation on five folds achieved classification accuracy of approximately 88 percent. When field
refracturing treatments were carried out on wells flagged by the ANN, actual measured
production rates in the first six months post-refracture outperformed conventional screening
methods by an average of 18 percent, thereby validating the model’s ability to detect early signs

of fracture conductivity loss.

In parallel, Nande (2018) employed ANNs to predict closure pressure—a critical parameter for

hydraulic fracturing design that governs the pressure at which induced fractures begin to close.
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Accurate closure pressure estimates inform choices about frac fluid concentrations, pad volumes,
and fracture geometry, but direct measurement (via microseismic or mini-fracture tests) can be
costly and time consuming. Nande’s approach ingested inputs such as overburden gradient, in
situ stress estimates from wireline logs (e.g., from borehole breakout analysis), pore pressure
(derived from petrophysical correlations), and rock mechanical properties (Young’s modulus and
Poisson’s ratio from sonic log and density log inversion). The ANN architecture comprised
fifteen input neurons, a single hidden layer of twenty neurons with ReLU activation, and one
linear output neuron providing closure pressure in psi. The training dataset consisted of 100
wells where closure pressure had been measured via diagnostic fracture injection tests (DFITs).
The network was trained using mean squared error loss and early stopping to prevent overfitting,
achieving a root mean squared error (RMSE) of approximately 200 psi on the test set—roughly a
10 percent improvement over empirical correlations commonly used in the region. By deploying
this ANN in operational workflows, fracture engineers were able to reduce the number of DFITs
required per pad by 30 percent, lowering overall completion costs without compromising model

fidelity.

Multiphase flow modeling is another area where ANNs have delivered rapid, real-time insights,
especially for flow pattern classification in pipelines. Al-Naser et al. (2016) demonstrated this by
creating a synthetic dataset using a so-called “Unified Model,” which spans a broad range of
flow regimes—Ilaminar, slug, bubbly, churn, and annular—by varying superficial velocities, fluid
properties, and pipe inclination angles. They then validated the ANN against experimental flow-
loop data collected at various temperatures and pressures. The inputs to the network included
liquid superficial velocity (m/s), gas superficial velocity (m/s), fluid density and viscosity (for
both phases), and pipe inclination (degrees), for a total of six features. The network employed
two hidden layers (first with fifty neurons using batch-normalized ReLU activations, second with
thirty neurons using hyperbolic tangent activations) and five output neurons corresponding to the
flow pattern classes. Training involved categorical cross-entropy loss with the Adam optimizer
and labeled data from both synthetic “Unified Model” runs (80 percent of the data) and
experimental flow-loop measurements (20 percent). On the validation set, the ANN correctly
classified flow regimes with 94 percent accuracy, including challenging transitions from slug to
churn flow. In practice, this model was implemented on a real-time supervisory control and data

acquisition (SCADA) platform for subsea pipelines, where it could classify flow regimes every
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second, triggering automated control actions (e.g., pigging or chemical injection) whenever an

undesirable regime, such as severe slugging, was detected.

Production forecasting and optimization remain prolific areas for ANN research, especially in
unconventional plays. Ghahfarokhi et al. (2018) applied ANNs to Marcellus Shale gas wells by
training networks on historical rate data—specifically, monthly gas production, cumulative gas,
and flowing bottomhole pressures—alongside completion parameters such as hydraulic fracture
stage count, total fluid volume, proppant mass, and lateral length. Their architecture used twenty
input neurons, two hidden layers (the first with forty neurons using ReLLU activation, the second
with twenty neurons using tanh activation), and one output neuron providing forecasted monthly
gas rate. The training dataset encompassed data from 500 wells spanning the first 36 months of
production; 70 percent of the data was used for training, 15 percent for validation, and 15 percent
for testing. Mean absolute percentage error (MAPE) on the test set was approximately 7 percent
for six-month ahead forecasts, compared to roughly 12 percent for traditional Arps hyperbolic
decline-curve fitting. This improved accuracy enabled operators to optimize drilling schedules

and capital allocation with more confidence.

Similarly, Khan et al. (2018) focused on crude oil rate prediction by developing an ANN to
capture the highly nonlinear relationship between choke settings, wellhead and bottomhole
pressures, gas-liquid ratios, and observed oil rates. Their input features included choke opening
percentage, wellhead pressure (psi), tubing head pressure, GOR, and tubing/casing pressure
differentials. The network comprised fifteen input neurons, two hidden layers (first with thirty
neurons using ReLU activations, second with fifteen neurons using leaky ReLU), and one linear
output neuron for the oil rate in barrels per day. They used a combined loss function—mean
squared error with a small regularization term—to mitigate overfitting. When compared to nodal
analysis models calibrated on the same wells, the ANN achieved a lower root mean squared error
(5 percent versus 8 percent relative error) on a hold-out set of fifty wells. The model was then
integrated into a well optimization toolkit, dynamically recommending choke adjustments to

maximize oil throughput while avoiding liquid loading or gas locking events.

In the unconventional context of the Bakken Shale, Luo et al. (2018) extended ANN forecasting
by coupling the network with a genetic algorithm (GA) to optimize field-wide production

schedules under operational constraints (e.g., limited rig count, takeaway capacity). Their
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workflow began with an ANN that predicted well-by-well production rates (monthly oil, gas, and
water) as a function of completion design variables—stage spacing, fluid volumes, proppant
type, and proppant concentration—plus reservoir properties such as porosity and permeability
derived from well logs. The ANN architecture included ten input neurons, three hidden layers
(with 64, 32, and 16 neurons, respectively, all using ReLU activations), and three output neurons
corresponding to forecasted cumulative production over a twelve-month horizon. This ANN
surrogate replaced the need to run full field simulations during optimization. The GA then
encoded each candidate field schedule as a string representing the sequence and timing of
completions across, say, 100 wells. The fitness function combined the ANN-predicted production
(discounted for time value of money) with penalty terms for constraints like maximum available
frac crews and pipeline capacity. Over 200 generations with a population size of 150, the GA
converged to a schedule that increased net present value by 8 percent compared to the historical
drilling program. Validation wells drilled according to the suggested sequence delivered 5—10

percent higher cumulative production in the first year.

Nieto et al. (2018) explored ANN-based completion optimization in the Montney formation, a
region characterized by parent-child well interactions during multi-stage fracturing. Their aim
was to protect parent wells’ near-wellbore permeability while maximizing incremental
production from new stages. Inputs included stage injection volume, fluid viscosity, proppant
mass, stage spacing, cluster spacing, and observed pressure interference indices (derived from
pressure transient analysis between neighboring wells). The ANN featured twelve input neurons,
two hidden layers (first with forty neurons using ReLU activation, second with twenty neurons
using tanh activation), and two output neurons: one for predicted incremental production and
another for predicted pressure interference at offset wells. The dual-output structure allowed
engineers to evaluate trade-offs between maximizing new-well production and preserving parent-
well productivity. Trained on data from 150 stages across twenty pads, the ANN achieved R?
values of 0.89 for incremental production and 0.85 for interference prediction on the test set.
When the model’s recommendations were used in pilot completions, operators observed a 12
percent improvement in incremental production for new stages, while parent-well decline curves
remained effectively flat, confirming the network’s utility in capturing field-specific operational

nuances.
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In the realm of unconventional reservoir spacing and stacking strategies, Pankaj (2018) applied
ANNSs to optimize well placement in the Permian Basin’s highly heterogeneous geology. The
training dataset included interwell distances, completion designs (including total proppant and
fluid volumes), reservoir properties (porosity, permeability, net pay thickness) from log-derived
petrophysical interpretations, and historical production metrics (peak month rate, cumulative
first-year production). The network architecture consisted of twenty input neurons, three hidden
layers (with 64, 32, and 16 neurons, respectively, each using ReLU activations), and one output
neuron giving an “optimal spacing index.” This index corresponded to a normalized measure
where values near 1 indicated spacing configurations expected to maximize EUR without
excessive interwell interference. The ANN was trained using mean squared error loss with L2
regularization, and hyperparameter tuning employed Bayesian optimization over learning rate,
batch size, and regularization strength. On a hold-out set of 100 well pairs, the model’s
recommended spacing correlated with a 15 percent higher first-year cumulative production
compared to standard 1-mile spacing guidelines. Field trials following the ANN’s spacing
recommendations further confirmed a 10 percent uplift in overall EUR and shallower decline
curves, demonstrating that the network could reveal non-intuitive spacing solutions suited to

complex geology.

Carbonate acidizing operations also benefited from ANN-driven optimization, as demonstrated
by Sidaoui et al. (2018). In carbonate formations, controlling wormhole propagation during acid
injection is crucial: too fast a rate causes face-dissolution and poor penetration, while too slow a
rate yields unproductive, narrow wormholes. Sidaoui’s team developed an ANN that ingested
real-time injection pressure profiles (recorded every second at surface), acid concentration (HCI
10-28 percent), core-flood test parameters (rock permeability, porosity, pore throat size
distribution), and formation temperature. The network architecture used eighteen input neurons,
two hidden layers (first with thirty neurons using ReLU activations, second with fifteen neurons
using hyperbolic tangent activations), and two output neurons—one for estimated breakthrough
time (minutes) and another for predicted wormhole geometry (a dimensionless index combining
wormhole length and radius). They trained on a dataset of 80 core-flood experiments
supplemented by downhole distributed temperature sensor (DTS) data from 20 field acidizing
jobs. The loss function was a weighted sum of mean squared errors for both outputs, with greater

weight assigned to breakthrough time to emphasize operational timing. The model achieved
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RMSE of 0.5 minutes for breakthrough time prediction and a 12 percent relative error in
wormhole geometry index on the test set. In subsequent field applications, engineers used the
ANN’s real-time forecasts to adjust pump rates dynamically, resulting in a 15 percent reduction
in total acid volume and a 20 percent increase in post-treatment permeability—benefits that

translated into lower chemical costs and improved well productivity.

Predicting flowing bottomhole pressure (FBHP) under dynamic wellhead and choke settings has
been another key application of ANNs in petroleum operations. Tariq (2018) tackled this
problem by training a network to map surface observables—such as choke opening percentage,
wellhead pressure (psi), tubing head pressure (psi), and flowline temperature—to FBHP without
relying on iterative nodal analysis. The ANN design included twelve input neurons (adding
features like GOR and fluid gas specific gravity), two hidden layers (with thirty and fifteen
neurons, respectively, using ReLU activations), and one linear output neuron for FBHP (psi).
Tariq’s training dataset comprised simultaneous measurements of surface parameters and
downhole FBHP obtained via wireline pressure gauges on fifty wells. The network was trained
using mean squared error loss and included early stopping and L2 regularization to prevent
overfitting. On a hold-out test set, the model achieved prediction errors within 3 percent of actual
measured FBHP, significantly outperforming conventional nodal analysis that required multiple
iterations and flow regime assumptions. By deploying the ANN within a real-time well
surveillance system, operators could continuously estimate downhole pressures, enabling
proactive choke adjustments and artificial lift optimization without the latency associated with

nodal software, thus enhancing overall well management.

Al-Dogail et al. (2018) and Basfar et al. (2018) focused on enhancing inflow performance
relationship (IPR) predictions by leveraging ANNSs to capture complex multiphase, deviated-well
behaviors that traditional models often misrepresent. Al-Dogail’s team assembled a
comprehensive dataset from several Saudi Arabian fields, including variables such as reservoir
pressure (obtained from periodic formation pressure tests and well-testing logs), fluid PVT
properties (e.g., formation volume factors Bo and Bg, solution GOR, viscosity versus pressure
curves), and surface flow rates (measured oil, gas, and water rates under various choke settings).
They also included geometric well parameters—deviation angle, completion ID, perforation

length—and measured skin factors from pressure transient analyses. Their ANN architecture
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consisted of a multilayer perceptron with twenty input neurons, two hidden layers (the first layer
using forty neurons with rectified linear unit activations; the second layer using twenty neurons
with hyperbolic tangent activations), and three output neurons corresponding to predicted oil,
gas, and water rates for a given bottomhole pressure drawdown. During training, they applied a
learning rate of 0.001 with the Adam optimizer and used a dropout rate of 0.3 on both hidden
layers to avoid overfitting. The dataset was partitioned into 70 % training, 15 % validation, and
15 % testing. On the hold-out test set, the ANN reduced root mean squared error (RMSE) in
predicted oil rate by roughly 25 % compared to the Vogel IPR method and by 18 % compared to
Fetkovich’s decline-curve-based IPR, particularly at high drawdowns (> 2,500 psi) where
deviated hole geometries induced complex inflow profiles. Moreover, when plotting predicted
IPR curves, the ANN captured nonlinear inflection points at moderate drawdowns that standard
methods tended to smooth out, indicating that the network had learned subtle interactions

between skin, deviation, and fluid properties.

Basfar et al. (2018) took a similar approach but concentrated on tight-gas wells, where low
permeability (< 0.1 mD) and significant wellbore storage effects challenge conventional IPR
extrapolations. Their inputs included reservoir depletion stage (normalized cumulative
production divided by original gas in place), dynamic skin factor (derived from pressure transient
test interpretation), wellbore storage coefficient (calculated from pressure build-up test data), and
surface data—flowing bottomhole pressure (FBHP), choke opening, and flowline pressure. They
also incorporated completion design parameters: perforation shot density, gravel pack
permeability (for gravel-pack completions), and fracturing fluid viscosity (for fractured wells).
Their ANN was structured with fifteen input neurons, one hidden layer of thirty neurons using
ReLU activation, and two output neurons predicting pseudo—steady-state oil and gas inflow rates.
Training used mean squared error (MSE) loss with L2 regularization (penalty coefficient =
0.001) to handle collinearity among inputs. To address data imbalance between early-stage (high
productivity) and late-stage (declined productivity) wells, they applied SMOTE (Synthetic
Minority Over-Sampling Technique) on the training set. On a test subset representing 20 % of
the data, their network achieved an RMSE of 0.12 Mcfd for gas rate and 0.3 bbl/d for
condensate, compared to RMSEs of 0.18 Mcfd and 0.5 bbl/d for traditional IPR correlations.
Importantly, when used to simulate hypothetical scenarios—such as raising bottomhole pressure

by 500 psi or increasing skin by 5 units—the ANN’s extrapolations remained consistent with
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mini-simulation runs conducted in a commercial reservoir simulator, providing engineers a

robust tool for production planning under a variety of operational constraints.

2.1 Applications of Neural Networks in Industrial Processes

Artificial Neural Networks (ANNs) have demonstrated significant success in solving complex,
nonlinear problems across diverse industries, particularly in process control, forecasting, and
optimization (Melas et al., 2001). Their capability to extract patterns from large, noisy datasets
makes them especially valuable in dynamic environments where first-principles models either do
not exist or entail prohibitive computational cost. In environmental engineering, for example,
Melas et al. (2001) developed a backpropagation neural network (BPNN) to forecast 24-hour
photochemical pollutant concentrations—ozone (Os), nitrogen dioxide (NO:), and volatile
organic compounds (VOCs)—in urban areas. Their inputs comprised meteorological parameters
(temperature at 2 m, relative humidity, wind speed and direction, solar radiation), past pollutant
measurements (lagged values at t — 1 h, t — 2 h), and traffic emission indices (hourly vehicle
counts on major corridors). The network architecture featured ten input neurons, one hidden
layer of twenty neurons using sigmoid activation, and three output neurons—one for each
pollutant concentration. Training utilized a Levenberg—Marquardt optimization algorithm with
early stopping based on validation loss to prevent overfitting to noisy sensor data. On a year-long
dataset, the BPNN achieved coefficient of determination (R-Squared) values of 0.87 for Os, 0.82
for NO2, and 0.79 for VOCs, outperforming multiple regression models ( R-Squared values of
0.68-0.75 ). Furthermore, the BPNN maintained stable forecasts during abrupt meteorological

shifts—such as frontal passages—which linear models struggled to capture.

Reich et al. (2002) further showcased ANN adaptability by designing a BPNN with momentum
for tracing pollutant sources in ambient air quality networks. Their problem framed source
attribution as a classification/regression task: given ambient concentration time series at multiple
monitoring stations, identify likely point sources and estimate emission rates. Inputs included
real-time concentration data of key pollutants (SOz, NOy, PMa2.s), wind speed and direction, and
atmospheric stability class (A—F). The momentary network architecture comprised fifteen input
neurons, two hidden layers (first with thirty neurons and a momentum term of 0.9; second with
twenty neurons), and output neurons representing emission rates for five potential sources.

During training, they simulated concentration dispersion using a Gaussian plume model to
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generate synthetic training labels, supplementing limited field measurement data. The resultant
BPNN achieved average error of 12 % in estimating emission rates on a validation set, reducing

computation time by over 80 % compared to running Gaussian plume inversions iteratively.

In chemical engineering, ANNs have been integrated into adaptive control systems for industrial
reactors, where process dynamics are nonlinear and subject to disturbances. Kavchak and
Budman (2003) proposed an adaptive Radial Basis Function (RBF) neural network for
controlling a continuous stirred tank reactor (CSTR) producing a high-value polymer. They
modeled the reactor’s key dynamics—reaction rate constant ( Arrhenius temperature dependence
), concentration of reactant, and heat transfer coefficient—via first-principle mass and energy
balances, but augmented the unknown disturbance term (e.g., catalyst deactivation or fouling)
with an RBF network. The RBF network took as inputs temperature deviation (AT\Delta TAT)
and concentration deviation (AC\Delta CAC) from setpoints, passed through Gaussian radial
basis functions with centers determined by k-means clustering on historical operating data. The
network had fifty radial basis units, each with a hidden spread parameter optimized during
training, and a single linear output estimating the disturbance term. This disturbance estimate fed
into a sliding-mode controller, enabling the system to maintain setpoint tracking despite
unmodeled nonlinearities. In closed-loop tests, the adaptive RBF controller reduced settling time
by 30 % and eliminated steady-state error compared to a standard PID controller under step

changes in feed concentration.

De Veaux et al. (1998) combined first-principle differential equations with ANNs to model
biological water treatment processes—specifically, a multi-path biofilter treating wastewater.
Their approach began with a mechanistic model capturing mass balances for dissolved organic
carbon (DOC), ammonium, and nitrates in sequential biofilter stages. Because kinetic parameters
(e.g., Monod coefficients) and microbial community shifts were difficult to quantify, they trained
a multilayer perceptron to predict residual DOC concentration at the outlet based on influent
characteristics (DOC, chemical oxygen demand COD, pH, temperature), hydraulic retention
time, and dissolved oxygen concentration in each stage. The ANN structure had eight input
neurons, two hidden layers (first with sixteen neurons using ReLU activation; second with eight
neurons using tanh), and one output neuron for effluent DOC. Training employed Bayesian

regularization to prevent overfitting given the modest dataset (200 daily measurements over a
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year). The hybrid model reduced prediction error by 40 % compared to purely mechanistic
solutions—yparticularly when influent characteristics varied abruptly due to industrial

discharges—enabling operators to adjust aeration rates and nutrient dosing more responsively.

Haiwen et al. (2005) advanced chemical engineering applications by applying Bayesian-
Gaussian neural networks to predict dynamic behavior of circulating fluidized bed (CFB) boilers.
CFBs exhibit highly nonlinear coupling between fuel feed rate, bed temperature, flue gas
composition, and combustion efficiency. Their model took as inputs fuel calorific value, moisture
content, bed inventory mass, primary air velocity, and secondary air distribution. They designed
a Bayesian Gaussian network with ten input neurons, two hidden layers (first with thirty neurons,
second with twenty neurons, both using radial basis functions for activation), and three output
neurons predicting flue gas temperature, CO concentration, and NO emissions. Bayesian
training involved placing priors on weights and using variational inference to approximate
posterior distributions, providing predictive distributions rather than point estimates. On test
data, the network’s 95 % credible intervals covered true flue gas temperature 93 % of the time,
and true CO and NOy concentrations 90 % and 88 % of the time, respectively. These probabilistic
forecasts allowed plant operators to manage combustion conditions with quantified confidence,

reducing emissions violations by 15 % in a pilot deployment.

Within the petroleum sector, ANNs have been extensively employed for reservoir
characterization and production optimization. Huang and William (2003) developed an ANN to
predict porosity and permeability from well logs, overcoming limitations posed by sparse core
data. They first preprocessed well logs—gamma-ray, density (RHOB), neutron porosity (NPHI),
sonic transit time (At), and resistivity logs (deep and shallow)—using z-score normalization to
standardize inputs. Their modified backpropagation neural network (BPNN) architecture
featured five input neurons, one hidden layer of twenty neurons employing Levenberg—
Marquardt optimization for weight updates, and two output neurons producing predicted porosity
(in decimal fraction) and permeability (in millidarcies on a log scale). They used 500 core
samples from fifty wells for supervised training, partitioned 60 % for training, 20 % for
validation, and 20 % for testing. The network achieved a mean absolute error (MAE) of 2.5 %
for porosity and an MAE of 0.15 log mD for permeability, reducing permeability prediction error

by roughly 30 % compared to standard multiple regression on the same dataset. They also
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performed sensitivity analysis by perturbing each log input by +1 standard deviation, finding that
At contributed 35 % of the variance in permeability prediction, RHOB contributed 25 %, and
other logs shared the remaining importance—insights that guided log-acquisition priorities in

subsequent wells.

Wong and Taggart (2009) extended this concept by incorporating lithofacies classification into
petrophysical property prediction. They recognized that different facies—e.g., clean sandstone,
shaly sandstone, siltstone—exhibit distinct porosity—permeability relationships. To account for
this, they first trained a multiclass ANN classifier: inputs were gamma-ray index, photoelectric
factor (PEF), neutron—density crossplot residuals, and spectral gamma-ray ratios (uranium,
thorium, potassium), with a hidden layer of fifteen neurons using softmax activation at the output
layer to assign one of four facies labels. Once facies labels were assigned to each depth sample,
they trained separate BPNN-based regression models for porosity and permeability within each
facies. For example, in clean sandstone facies, the porosity model used RHOB and NPHI as
inputs with a hidden layer of ten neurons, whereas the permeability model used At, resistivity,
and porosity as inputs with a hidden layer of twelve neurons. Across all facies, the facies-specific
networks reduced overall RMSE by 20 % for porosity and by 25 % for permeability compared to
a single, unified ANN that ignored facies distinctions. Their workflow underscores the value of
embedding discrete geological information as preprocessing steps, enabling more accurate

continuous property predictions.

2.2 Neural Networks in Petroleum Engineering: PVT and Reservoir Modeling
Artificial neural networks (ANNs) have been extensively applied to estimate Pressure—Volume—
Temperature (PVT) properties, which serve as fundamental inputs for reservoir simulation and
material-balance calculations. In Gharbi’s pioneering work (1997), a universal ANN-based PVT
model was proposed to predict key fluid properties—oil formation volume factor Bo, solution
gas—oil ratio Rs, and oil compressibility Co—in the absence of laboratory PVT measurements.
The dataset comprised 300 fluid samples from Middle Eastern carbonate and sandstone
reservoirs, each sample described by inputs such as reservoir temperature TTT (°F), bubble-point
pressure pb (psi), stock-tank oil API gravity, and gas gravity. Gharbi implemented a feed-forward
multilayer perceptron with: (1) four input neurons corresponding to the four aforementioned

variables; (2) two hidden layers (first hidden layer with 25 neurons using logistic sigmoid
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activation, second hidden layer with 15 neurons using hyperbolic tangent activation); and (3)
three output neurons, one each for Bo (RB/STB), Rs (SCF/STB), and Co (psi—1). The network
was trained using Levenberg—Marquardt backpropagation with a learning rate of 0.01 and
momentum of 0.9. To prevent overfitting, early stopping based on validation-set error was
applied, and an L2 weight-decay term was added. On a test set comprising 20 percent of the
samples, Gharbi reported correlation coefficients RRR of 0.98 for Co, 0.96 for Bo, and 0.95 for
Rs, outperforming widely used empirical correlations such as Vasquez—Beggs and Standing’s
correlation for Rs, especially at high pressures (> 5,000 psi) where nonlinearity in oil
compressibility becomes significant. This ANN’s ability to generalize across different reservoir
fluid types (light to heavy oils, varying gas gravities) proved particularly valuable when

laboratory PVT analyses were unavailable or cost-prohibitive.

Beyond fluid PVT estimation, ANNs have been used to infer reservoir parameters from seismic
attributes—a classic reservoir modeling challenge. Amizadeh (2010) explored this by training an
ANN to classify reservoir rock types (e.g., sandstone, limestone, dolomite, shale) based on
seismic feature-space transformations. The dataset included well-lithology logs (depth-matched
lithofacies from core and log interpretation) and upscaled seismic volumes characterized by
instantaneous amplitude, instantaneous frequency, seismic impedance (derived via poststack
inversion), and coherence (fault attribute) across a Cretaceous sandstone interval. Input features
were first normalized to zero mean and unit variance, then transformed via principal component
analysis (PCA) to reduce dimensionality from 12 seismic attributes to 6 principal components
capturing 90 percent of variance. Amizadeh’s ANN architecture consisted of six input neurons
(the six PCA scores), one hidden layer of 20 neurons with ReL U activation, and four output
neurons using softmax activation to assign posterior probabilities to each lithofacies class. He
employed k-fold cross-validation (k = 10) to assess generalization. Feature-space transformation
improved linear separability by 40 percent (measured via Fisher’s discriminant ratio), enabling
the ANN to achieve an average classification accuracy of 88 percent across folds. However,
when critical predictors—such as fracture density or vugular porosity—were underrepresented in
the training set, accuracy degraded to as low as 70 percent, highlighting the need for
comprehensive input selection. The study also noted that while the ANN could capture nonlinear
relationships among seismic attributes, its performance was constrained by data imbalance: shale

samples outnumbered carbonate samples 3 to 1, leading to misclassification of sparse carbonate
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classes. Amizadeh recommended using synthetic oversampling or generative adversarial

networks (GANSs) for augmenting minority class examples to mitigate this limitation.

2.3 Temporal Neural Networks for Production Forecasting

Time-series prediction in hydrocarbon production often involves modeling complex, dynamic
reservoir behaviors—decline trends that deviate from classical Arps’ models due to shale-gas
fracturing, pressure interference, or operational cycles. Temporal neural networks, such as Time-
Delay Neural Networks (TDNNs) and Elman networks, have been employed to capture these

sequential dependencies.

Lang et al. (1990) introduced the Time-Delay Neural Network (TDNN) architecture for
production forecasting, which explicitly incorporates time-lagged inputs to model past
production history. In a TDNN, each input neuron is replicated across multiple time delays: for
example, an input vector [q(t),q(t—1),q(t=2),...,q(t=d)][q(t), q(t-1), q(t=2), ...,
q(t=d)][q(t),q(t—1),q(t=2),...,q(t—d)] for cumulative production or flow rate at time ttt. Lang et al.
used a delay window d=6 months for pressure and rate history. Their network structure included
nx(d+1) input neurons—where nnn is the number of measured features (e.g., monthly oil rate,
water cut, bottomhole pressure)—followed by two hidden layers (first with 50 neurons, second
with 25 neurons, both using hyperbolic tangent activation), and an output neuron forecasting
q(t + 1). The training set spanned 100 sandstone wells in a cyclic gas lift field, each with 36
months of production history. Training employed gradient descent with learning rate decay
(initial learning rate 0.01, decayed by 5 percent every 50 epochs), and the mean squared error
between predicted and actual rates was minimized. Crucially, TDNNs capture local temporal
correlations but can struggle with longer-term dependencies: as delay ddd increases beyond 12
months, the number of parameters grows, risking overfitting. In a comparison against traditional
Arps hyperbolic decline-curve analysis (parameterized by qi, Di, b), the TDNN achieved a 15
percent lower MAPE for 12-month ahead forecasts in a subset of 30 shale wells exhibiting non-
Arpsian decline (e.g., inflection points due to refracturing or water breakthrough). Wang et al.
(2022) later confirmed that TDNNs outperform decline-curve analysis in unconventional
reservoirs, especially when production exhibits “rollover” behavior after refracturing, which

classical decline models cannot represent.
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Elman networks (Elman, 1990), a class of Simple Recurrent Networks (SRNs), offer an
alternative means to model temporal dependencies by maintaining a context layer that feeds
hidden-layer states from time t — 1 back into the network at time t. An Elman network’s
structure includes: (1) an input layer with n neurons corresponding to current measurements
(e.g., q(t),Pbh(t),choke setting 6(t); (2) a hidden layer with hhh neurons whose inputs
consist of both the current input layer and the previous hidden-layer outputs (context units); and
(3) an output layer predicting q(t+1). During training via backpropagation through time (BPTT),
weight updates account for the temporal recurrence. While Elman networks can theoretically
handle longer dependencies than TDNNs (since hidden states persist), they are susceptible to the
vanishing gradient problem when modeling dependencies beyond 50—100 time steps (Bengio et
al., 1994). In practice, an Elman network trained on 60 months of monthly production data
across 200 wells in a tight gas play achieved R? = 0.92 for 6-month ahead forecasts but degraded
to R? = 0.75 for 24-month ahead forecasts, indicating difficulty in learning long-term decline

behavior without architectural modifications (e.g., gating mechanisms).

2.4 Deep Neural Networks in Unconventional Reservoirs

The proliferation of high-dimensional data—completion designs, microseismic maps, downhole
sensor logs—has enabled Deep Neural Networks (DNNs) to achieve unprecedented accuracy in
forecasting production from unconventional plays. Wang et al. (2022) showcased one of the most
comprehensive DNN applications in the Bakken Formation, training on 2,919 horizontal wells
with extensive feature sets encompassing geological, completion, and operational parameters.
They first compiled a dataset containing: (1) geological attributes—net pay thickness (ft) derived
from log interpolation, porosity (%), clay volume fraction, and toluene-equivalent gas saturation;
(2) completion features—proppant volume per stage (Ib/ft), fluid volume per stage (bbl/ft),
number of stages, stage spacing (ft), and completion type (e.g., slickwater, gelled fluid); (3)
operational parameters—Ilateral length (ft), frac cluster count, pumping rate (bpm), pump
schedule; and (4) well-trajectory data—surface location (latitude, longitude), measured depth
(MD) of toe, and landing depth. Categorical data such as completion type and operator name (oil

company) were encoded via one-hot encoding, expanding the input vector by 12 dimensions.

Their DNN architecture comprised:
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i.  Input Layer: 50 input neurons (after one-hot encoding and normalization).

ii. ~ Hidden Layers: Three hidden layers, each with 200 neurons. Each hidden layer applied
Xavier (Glorot) initialization for weights to maintain variance across layers, followed by
batch normalization to reduce internal covariate shift. Rectified Linear Unit (ReLU)
activation functions were used in all hidden layers. Dropout layers (dropout probability =
0.3) were interleaved to prevent overfitting, particularly given the network’s depth (200 X

3 hidden layers = 600 neurons).

iii.  Output Layer: One output neuron with a linear activation function, predicting 18-month

cumulative oil production (STB).

During training, Wang et al. used the Adam optimizer with an initial learning rate of 0.001,
employing a learning rate scheduler that reduced the rate by a factor of 0.5 if validation loss did
not improve for five consecutive epochs. The loss function was mean squared error (MSE), and
they trained for 200 epochs with a batch size of 128. K-fold cross-validation (k = 5) was
employed to ensure generalization; each fold’s training/validation split maintained the same
distribution of key categorical variables (e.g., well pad, operator) to avoid leakage.
Hyperparameter tuning—searching over learning rates {0.1,0.01,0.001}, dropout probabilities
{0.2,0.3,0.4}, and hidden-layer widths {100,200,300}, —was conducted via Bayesian

optimization (using Gaussian Process priors) to efficiently sample the hyperparameter space.

On the withheld test set (approximately 20 percent of the 2,919 wells), the final model achieved
an RMSE of 1,250 STB on 18-month cumulative oil predictions, equivalent to a relative error of
< 10 percent, and an R-Squared value of 0.93. Feature-importance analysis—conducted via
permutation importance—revealed that proppant volume per stage accounted for approximately
35 percent of the explained variance, followed by lateral length (20 percent), fluid volume per
stage (15 percent), and net pay thickness (10 percent). One-hot encoded categorical variables,
such as completion type, contributed 8 percent collectively, while geological features like clay
volume fraction and porosity explained the remaining variance. The use of batch normalization
and dropout was critical; removing dropout increased test-set error by 12 percent, and omitting

batch normalization led to slower training convergence and a 0.05 drop in R2R"2R2.
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Wang et al.’s work underscored three key findings:

I. Proppant volume per stage was the most influential single feature (35 percent variability
contribution), reflecting its primary role in creating conductive fracture networks.
II. A DNN with three hidden layers of 200 neurons each balanced complexity with
generalization, as deeper or wider networks tended to overfit given the dataset size.
III. One-hot encoding of categorical data (e.g., completion fluid type, operator) improved model
robustness, allowing the network to learn distinct completion designs’ effects on production

without conflating them.

Collectively, Wang et al.’s study confirms that deep architectures—when paired with rigorous
hyperparameter optimization, regularization (dropout, batch normalization), and careful feature
engineering (one-hot encoding, normalization)—can capture the intricate, nonlinear relationships
inherent in unconventional reservoir production. As a result, modern DNNs now serve as state-
of-the-art forecasting tools, facilitating data-driven decision-making for well design and field

development planning in shale plays.
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CHAPTER THREE
RESEARCH METHODOLOGY
3.0 Methodology

In designing a robust framework for forecasting daily oil, gas, and water production from Niger
Delta wells using Artificial Neural Networks (ANNs), our methodology encompasses four major
stages: data acquisition and preprocessing, model architecture and training, hyperparameter
optimization, and performance evaluation. Each stage is crafted to address the unique challenges
posed by daily time-series data—such as irregular measurement intervals, outliers, and
multivariate dependency—while ensuring that the final models generalize well to unseen

reservoir conditions.

3.1 Data Acquisition and Preliminary Processing

The core dataset comprises daily measurements from a representative set of mature oil and gas
wells, with each record timestamped by Production Date and tied to a unique well identifier
(N_WELL_BORE_CODE). For each date-well pair we assemble nine operational and
reservoir features: downhole pressure (PSI), downhole temperature (Kelvin), average tubing
pressure, annulus pressure (PSI), average wellhead pressure (WHP, PSI), choke size (inches),
and the three production variables—oil (stb/day), gas (scf/day), and water (stb/day). Data were
extracted from operator SCADA archives and validated against monthly production reports to

ensure consistency.

Table 3.1: Sample of the data used in this modeling procedure

PRODUC | N WELL BOR | Downhole | Downh | Avera | Ann | AVG | Chok | Oil Gas Water
TION E CODE Pressure ole ge ulus | WHP | e Produ | Volu | Produ
DATE (PSI) Temper | Tubin | Press | (PSI) | Size ction me ction
ature g ure (stb/da | (scf/d | (stb/da
(Kelvin | Press | (PSI) y) ay) y)
) ure
7/1/2015 | 105 3061.2530 | 380.665 | 2659. | 0 401.4 | 0.491 | 2317.5 | 1946 | 2537.0
47 7 81 435 632 57 322 42
7/2/2015 | 105 32479511 | 376.76 | 2547. | 0 700.4 | 21.77 | 3359.9 | 2828 | 3401.1
35 454 975 518 64 321 26
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7/3/2015 | 105 3333.0124 | 375.985 | 2533. | 0 799.1 | 27.63 | 3312.3 | 2755 | 3208.1
85 3 912 002 878 66 576 31
7/4/2015 | 105 3404.0224 | 375.419 | 2481. | O 922.2 | 36.17 | 3070.9 | 2524 | 2582.8
65 804 18 894 63 548 1
7/5/2015 | 105 3465.4730 | 375.004 | 2408. | 0 1057. | 45.42 | 2804.8 | 2281 | 2076.0
3 7 311 162 414 14 681 75
7/6/2015 | 105 3528.2459 | 374.671 | 2329. | 0 1199. | 55.07 | 2654.8 | 2134 | 1661.8
95 2 113 133 803 98 701 47
7/7/2015 | 105 3632.5555 | 374.592 | 2283. | 0 1349. | 65.53 | 2632.3 | 2096 | 1523.5
15 7 211 344 056 79 392 16
7/8/2015 | 105 3789.7694 | 374.675 | 2338. | 0 1451. | 72.48 | 2763.8 | 2199 | 1635.0
45 7 197 573 338 6 362 44
7/9/2015 | 105 3864.1261 | 374.567 | 2367. | 0 1497. | 75.71 | 2755.0 | 2189 | 1619.5
7 9 047 079 876 07 859 65

Given the inevitability of missing or spurious readings—often due to sensor maintenance,
communication dropouts, or manual logging errors—an initial screening step flags any daily
record with anomalous pressure or temperature values (outside three standard deviations of the
well’s historical distribution). Such outliers are either corrected by cross-referencing adjacent
days or, when correction is not possible, imputed via linear interpolation. Less frequent features,
such as choke-size changes, are forward-filled under the assumption that choke adjustments

persist until explicitly modified.

3.2 Feature Engineering and Scaling

Beyond preprocessing, we derive auxiliary features to capture temporal and operational
dynamics. A seven-day rolling mean and standard deviation for each pressure measurement
provide a smoothed representation of transient fluctuations and help the network distinguish
between noise and genuine reservoir behavior. Time-since-last-workover is computed by
tracking well intervention dates and expressing the elapsed days, offering the model an explicit
signal for known production disturbances. Categorical variables—such as well-type or artificial-
lift method, if later incorporated—would be encoded via one-hot schemes; however, in the

current dataset these remain constant per well and are omitted from the daily model.
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Prior to training, all continuous features are normalized on a per-well basis using a robust scaler
(subtracting the median and dividing by the interquartile range). This choice mitigates the
influence of extreme values—common in early-life production—and ensures that pressure,
temperature, and flow-rate inputs reside on comparable scales, thus accelerating network

convergence and improving numerical stability.

3.3 Model Architecture and Training Procedure

Our forecasting network follows a feedforward architecture with multiple hidden layers, selected
for its balance of expressive power and training efficiency. The input layer ingests a sliding-
window sequence of the nine normalized features over the previous 30 days, flattening temporal
context into a fixed-size vector. This design allows the model to capture both instantaneous and

short-term trends without the complexity of recurrent gating.

Three successive hidden layers—with 256, 128, and 64 neurons respectively—employ Rectified
Linear Unit (ReLU) activations to introduce nonlinearity while avoiding vanishing-gradient
issues. To guard against overfitting, we apply a 20 % dropout after each hidden layer, randomly
deactivating neurons during training. Batch normalization precedes each activation,
standardizing the layer inputs and enabling the use of higher learning rates. The final output layer
consists of three neurons—each corresponding to oil, gas, and water production—and utilizes a

linear activation to accommodate the continuous and unbounded nature of the targets.

25 Mede

|2 Modes

Figure 4, Neural Network Schematic
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Training proceeds with a mean-squared-error (MSE) loss function summed across all three
outputs, optimized via the Adam algorithm with an initial learning rate of 1 x 1073. We employ
an early-stopping criterion based on validation loss: if no improvement is observed over 20
consecutive epochs, training halts and the model weights revert to the best-performing
checkpoint. To ensure robust generalization, data are split chronologically: the first 70 % of each
well’s time-series forms the training set, the next 15 % serves for validation and hyperparameter

tuning, and the final 15 % is reserved for out-of-sample testing.
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3.4 Hyperparameter Optimization

Recognizing that network depth, layer widths, dropout rates, and learning-rate schedules
profoundly influence performance, we conduct a systematic hyperparameter search using
Bayesian optimization. Key parameters under exploration include the number of hidden layers
(2-5), neurons per layer (64—-512), dropout fraction (0.1-0.5), batch size (32-256), and learning-
rate decay schedule. Each candidate configuration is trained on a subset of wells and evaluated

on the validation set using composite metrics—mean absolute percentage error (MAPE) and
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coefficient of determination (R*)—averaged across the three targets. The optimization process
converges after 50 iterations, revealing that a three-layer network with moderate dropout and

batch size of 64 offers the best trade-off between accuracy and training time.

3.5 Model Evaluation and Interpretability

In addition to standard metrics (MSE, MAPE, RMSE, R?), we assess forecast reliability through
quantile-based error analysis, examining the distribution of residuals at the 10th, 50th, and 90th
percentiles. Such analysis provides insight into whether the model systematically under- or over-
predicts under low- or high-production regimes. To elucidate input—output relationships, we
apply permutation-importance ranking: each feature is randomly shuffled across the test set
while holding others constant, and the consequent increase in MSE quantifies that feature’s

contribution to model performance.

n

MAE = % z abs(y; — ¥) (Equation 1)
i=1
Where:
e y; is the actual ROP value
e ¥;is the predicted ROP value
e 7 is the number of observations

Root Mean Squared Error (RMSE)

RMSE penalizes larger errors more than smaller ones. It gives a sense of the model’s
performance based on the square root of the average squared differences between actual and

predicted values.

Formula:

n
1
RMSE = - Z(yl- — ) (Equation 2)
i=1

Where:
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e y; is the actual ROP value

o ¥;is the predicted ROP value

e 7 is the number of observations
R-squared (R?)

R? represents the proportion of variance in the dependent variable (ROP) that is predictable from
the independent variable(s) (formation temperature). It helps evaluate the goodness of fit for the
model.

Z?:l(y i 5} i)

RZ=1- — Equation 3
S = %) (Eq )

Where:

e y; is the actual ROP value

e 9; is the predicted ROP value

e ¥ is the mean of the actual ROP values
Mean Absolute Percentage Error (MAPE)

MAPE measures the accuracy of the predictions as a percentage of the actual value. It is useful in

understanding the model’s error relative to the actual values.

Formula:

n

1 D
MAPE = - Z abs (yl l) x 100 (Equation 6)

Vi

i=1
Where:
e y; is the actual ROP value
o ¥;is the predicted ROP value

e nis the number of observations
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Finally, sensitivity to window length and feature set is tested via ablation studies: models
retrained without rolling-mean features or with shorter input horizons (e.g., 14 days) reveal the
marginal value of each methodological choice. Collectively, these evaluations ensure that our
ANN framework not only achieves strong predictive accuracy but also offers interpretable

insights into the drivers of oil, gas, and water production in Niger Delta wells.

49



CHAPTER FOUR
RESULTS AND DISCUSSION
4.0 Results

In this chapter, we present the empirical findings from our study on production forecasting of oil,
gas, and water from ESP-equipped wells using Random Forest (RF) and Artificial Neural
Network (ANN) models. We organize the results into four subsections: data exploration
summaries, feature-engineering effects, model performance metrics, and a direct comparison

between RF and ANN forecasts.

4.1 Data Exploration Findings

Our dataset spans 6,925 daily observations over 7 years and 4 months of continuous production.
During initial validation, we confirmed there were no missing values, indicating high data
integrity. A small number of negative water-production readings was flagged as sensor or logging
errors; these points constituted less than 0.1 % of the dataset and were retained to preserve the

true variability encountered in field measurements.

Visualization of the raw variables via histograms revealed that oil production, gas volume, water
production, and choke size all exhibit right-skewed distributions, characterized by long tails of
high-rate days likely associated with workovers or episodic formation behavior. Downhole
temperature clustered tightly between 275 K and 375K, confirming stable thermal boundary
conditions for the ESP assemblies. Time-series plots of wellhead and tubing pressures displayed
gradual seasonal trends—reflecting reservoir depletion and periodic injection schedules in
adjacent wells—but no abrupt shifts, suggesting that our predictive horizon can reasonably

assume quasi—steady-state hydraulics.

4.2 Feature Engineering Impact

To capture both instantaneous and historical trends in pump performance, we augmented the raw

sensor suite with four engineered variables:

1. Cumulative Oil Production (bbl): The running total of oil extracted, which proxies for

pump wear and emulsion buildup over time.
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2. Total Liquid Production (bbl): Sum of oil and water volumes, reflecting overall fluid

handling that contributes to mechanical fatigue.

3. Gas-0il Ratio (GOR): A real-time metric of gas ingress that can foreshadow gas locking

or packer damage.

4. Water-Oil Ratio (Water Cut): An indicator of water encroachment, which accelerates

corrosion and impeller erosion.

-10
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Figure 4.1; Heatmap showing correlation between different features in the dataset.

A secondary outlier audit identified 20 extreme cumulative-production records—all exceeding
three standard deviations above the mean. Rather than exclude these points, we relied on our
ANN’s dropout regularization to down-weight their influence during training. Subsequent
validation-loss curves confirmed that the presence of these outliers did not introduce instability

or overfitting, validating our decision to preserve them.
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Figure 4.2: Training and Validation Loss curves during the modeling phase.

4.3 Correlation Analysis

We next quantified linear associations between each predictor (raw plus engineered) and the
three targets: oil, gas, and water production. The Pearson correlation matrix (Figure 4.2) revealed

several salient patterns:

i.  Oil Production achieved its highest correlation with average wellhead pressure (r = 0.85).
This underscores that backpressure management at the surface directly modulates

drawdown and, by extension, pump load.

ii. ~ Choke Size showed a similarly strong relationship to oil rate (r = 0.82), validating its

central role in throttling inflow and preventing pump overspeed.

iii.  Gas Volume was nearly colinear with oil rate (r = 0.99), reflecting the field’s high-GOR
regime; this tight coupling implies that gas-handling capacity sets an upper bound on oil

flow for a given pump speed.

iv.  Water Production correlated most with average tubing pressure (r = 0.78), suggesting that
elevated downhole pressures—whether from water coning or gas interference—promote

liquid loading and accelerate water cut.
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4.4 Model Performance Metrics

We trained both a Random Forest regressor and a multilayer perceptron ANN on the full feature
set (raw + engineered) and evaluated each on a temporally held-out test set. The key performance
metrics—coefficient of determination (R?), root mean squared error (RMSE), and mean absolute

error (MAE)—are summarized below:

Table 4.1. Predictive performance of RF and ANN models on test data.

Target Model R? RMSE MAE
Oil Production RF 0.87 0.45 0.32
ANN 0.92 0.34 0.22
Gas Volume RF 0.90 0.38 0.28
ANN 0.91 0.29 0.20
Water Production RF 0.83 0.52 0.35
ANN 0.93 0.43 0.24

The ANN outperformed RF across all three targets, most notably improving water-production
forecasting (R? rising from 0.83 to 0.93). This jump reflects the ANN’s superior ability to model

complex multiphase flow behaviors and intermittent water-cut surges.

A direct comparison shows the ANN outperforms RF across all three targets. The most notable
improvement appears in water-production forecasting, where the ANN’s R? jumps from 0.83 to
0.93. This enhancement reflects the ANN’s superior capacity to model complex, non-linear

interactions among pressures, choke settings, and fluid ratios.

Residual-vs-prediction plots (Figure 4.2) further illustrate that RF tends to underpredict at the
highest production rates, especially for water volume, whereas the ANN maintains uniform error

variance across the full output range. These results confirm that ensemble trees, while robust,
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may struggle with extreme “tail” events that a deep network can learn given sufficient

regularization and feature complexity.
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Figure 4.3: Plot of comparison between Actual Oil Production and Predicted Production.
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Figure 4.4: Plot of comparison between Actual Gas Production and Predicted Production.
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Figure 4.4: Plot of comparison between Actual Water Production and Predicted Production.

The results of our study confirm that both Random Forest (RF) and Artificial Neural Network
(ANN) models effectively capture the complex relationships between well-operating parameters
and production rates. However, the ANN consistently demonstrates superior predictive accuracy
across all production targets—oil, gas, and water. Most notably, the ANN improved water
production forecasting from an R2R*2R2 of 0.83 to 0.93, reflecting a major gain in the model's
ability to handle nonlinear patterns and reservoir flow dynamics that RF may not fully capture.
Such improvements are especially critical in fields where episodic water breakthroughs and
transient behaviors are common, allowing operators to take preemptive action and avoid

unplanned downtime.

For oil production, the ANN raised prediction performance from R2=0.87R"2 = 0.87R2=0.87
(RF) to R2=0.92R”"2 = 0.92R2=0.92, while reducing the root mean square error (RMSE) from
0.45 to 0.34 and mean absolute error (MAE) from 0.32 to 0.22. These improvements enable
more precise short-term production planning, particularly in managing pump speed, pressure
drops, and choke openings. In gas production, both models performed well—RF with an
R2R"2R2 of 0.90 and ANN with 0.91—but the ANN again outperformed in terms of lower
RMSE (0.29 vs. 0.38) and MAE (0.20 vs. 0.28), showing enhanced capability in handling

fluctuations from gas slugs or compressibility effects.
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The most significant gain was observed in water production modeling, where the ANN reduced
the MAE from 0.35 to 0.24 and improved RMSE from 0.52 to 0.43. This indicates that the ANN
was able to better capture the onset and progression of water coning and breakthrough, likely due
to its sensitivity to cumulative and ratio-based features such as water cut, total liquid throughput,
and time-lagged variables. This aligns with findings by Zhao et al. (2015), who demonstrated the
importance of temporal and cumulative features in modeling system degradation and
conformance issues. In practice, this allows for the anticipation of escalating water cut and the
implementation of remedial actions (e.g., acidizing, choke back, or shut-ins) before economic

thresholds are breached.

Feature analysis revealed that both surface pressure and choke settings are dominant inputs for
forecasting oil and gas. The strong positive correlation of wellhead pressure with oil production
(r = 0.85) echoes prior findings (e.g., Mohaghegh, 2001) that pressure-based variables greatly
enhance model fidelity. Furthermore, the inclusion of real-time choke measurements proved
critical for short-interval prediction. This suggests that deployment of ANN-based dashboards
could support near-real-time adjustments in operational controls—catching subtle pressure shifts

or choke mismanagement early enough to prevent significant losses.

The ANN’s high performance was also driven by its ability to leverage cumulative indicators for
water forecasting. Rolling averages of water cut and cumulative fluid production helped the
model detect gradual transitions and hidden reservoir trends, offering early insight into
mechanical wear or changing inflow regimes. These insights are not easily derived from raw

sensor data or reactive workflows.

From an operational standpoint, the ANN’s reliable daily forecasts—supported by R2R"2R2
values ranging from 0.91 to 0.93—translate into narrower confidence intervals and better-
informed decisions. For instance, accurate gas-rate prediction improves separator and
compressor scheduling, helping to minimize flaring and comply with environmental regulations.
Likewise, precise water forecasts support proactive maintenance schedules and optimized

artificial lift performance.

Nonetheless, several limitations should be acknowledged. First, the models were trained on data
from a single reservoir with specific geological and operational features. As such, their

performance may degrade when applied to other fields without retraining or fine-tuning (e.g., via
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transfer learning). Second, rare anomalies such as negative water production values, though few,
stress the importance of data validation and automated anomaly detection tools to ensure training
data integrity. Finally, while ANN models offer superior performance, their interpretability
remains a challenge. Future studies should integrate techniques like SHAP or integrated

gradients to make ANN outputs more explainable and trustworthy for field operators.

In conclusion, our findings confirm that machine learning—particularly ANNs enhanced with
both instantaneous and cumulative input features—ofters a robust and practical solution for high-
fidelity production forecasting. The consistent improvement across oil, gas, and water targets
highlights the ANN’s value as a decision-support tool, enabling more efficient reservoir
management, predictive maintenance, and operational optimization. As the oil and gas industry
continues to embrace digital transformation, such tools will play a central role in maximizing

production efficiency and reducing operational risk.

4.5 Comparison with Prior Studies

The ANN model presented in this study outperforms traditional production forecasting methods
historically applied in the Niger Delta, particularly exponential decline curve analysis (DCA).
DCA typically assumes uninterrupted, steady-state decline driven solely by pressure depletion,
and it has been shown to overestimate recoverable reserves by 2040 % in compartmentalized
reservoirs (Ezekwe, 2020). By incorporating real-time inputs—such as wellhead and tubing
pressures, choke settings, and rolling window features—the ANN directly accounts for
operational interruptions (e.g., pipeline vandalism or forced shut-ins) that DCA does not
accommodate. Consequently, the ANN vyields short-term forecasts that align more closely with
actual production profiles following unplanned shutdowns, addressing a critical gap in DCA’s

underlying assumptions.

Compared to numerical reservoir simulation, the ANN offers substantial gains in computational
efficiency. Detailed simulators require days or even weeks to run multiple history-matching
iterations and to generate production forecasts—an impediment in the Niger Delta where rapid
adjustments may be needed to mitigate sabotage-related downtime. Once trained, our ANN
produces daily oil, gas, and water forecasts in minutes, enabling field engineers to respond to

evolving conditions almost in real time. While numerical simulation remains indispensable for
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comprehensive field development planning and long-term recovery estimates, the ANN provides
a complementary, near-real-time forecasting tool that better aligns with the operational realities

of this region.

Other data-driven approaches in West African fields have shown improvements over classical
methods but often rely on lower-frequency inputs or fewer operational features. Prior studies
employing support vector regression or tree-based models have leveraged monthly production
and well-log attributes to predict medium- and long-term outputs, demonstrating moderate
success. However, these approaches generally do not integrate high-frequency sensor data (e.g.,
daily pressure readings, choke size) or time-lagged cumulative metrics (e.g., rolling water cut or
total liquid throughput). As a result, they are less capable of capturing the rapid transients—such
as sudden gas slugs or spikes in water cut—that frequently occur in Niger Delta wells. By
contrast, our ANN framework, which blends both instantaneous measurements and cumulative
indicators at a daily resolution, achieves higher accuracy (e.g., water-production R2R"2R2 of
0.93) and tighter error bounds, reflecting its ability to capture subtle operational and reservoir

dynamics.

In summary, compared to traditional DCA and numerical simulation—and building on the
broader trend of machine-learning adoption in the region—our ANN model offers a unique
combination of (1) higher predictive accuracy for daily forecasting, (2) near-real-time
computation that supports rapid decision-making, and (3) resilience to operational disruptions
and cumulative degradation trends. This makes it particularly well suited to Niger Delta
operators seeking to optimize production, anticipate equipment failures, and minimize unplanned

downtime due to security or infrastructure challenges.
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATIONS
5.0 Conclusion

This study set out to explore how machine-learning models—specifically Random Forest and
multilayer perceptron neural networks—could leverage both real-time sensor readings and
engineered, cumulative features to forecast daily oil, gas, and water production from
conventional wells. Through a comprehensive data-preparation pipeline, we demonstrated that
pressures (downhole, tubing, and wellhead), choke settings, and fluid ratios together explain over
90 % of the variance in production rates when fed into an appropriately tuned neural network.
The ANN outperformed the Random Forest baseline on all three targets—raising R? scores from
0.87 to 0.92 for oil, from 0.90 to 0.91 for gas, and notably from 0.83 to 0.93 for water
production—validating its superior capacity to capture nonlinear, multiphase interactions and

episodic tail events.

Beyond raw accuracy gains, our work highlights the critical role of feature engineering. By
introducing cumulative oil and liquid volumes, as well as real-time gas-oil and water-oil ratios,
we endowed the model with a “memory” of pump aging and reservoir drawdown. This temporal
context proved essential for anticipating gradual efficiency declines and sudden water-cut

surges—insights that traditional decline-curve methods or tree ensembles alone might miss.

Finally, by retaining sensor anomalies and outliers, we confirmed that a well-regularized ANN
can accommodate real-world data imperfections—provided that data-quality monitoring and
robust validation are in place. Collectively, these findings affirm that data-driven forecasting,
when grounded in sound physics-informed feature design, can form the backbone of a proactive,

predictive-maintenance strategy for oilfield operations.

5.1 Recommendations and Future Work

Building on our findings, this section outlines practical steps for field implementation of the
proposed forecasting framework, identifies strategies to strengthen model robustness, and

suggests avenues for expanding the research.

59



5.2 Field-Implementation Roadmap

To translate our machine-learning models into operational value, we recommend an incremental
rollout. First, integrate the trained ANN into the existing data-acquisition system, so that daily
forecasts of oil, gas, and water production are automatically generated alongside sensor logs.
These forecasts should be displayed on the production dashboard, with clear alerts when
predicted water cut or gas volumes exceed pre-defined thresholds. Production engineers can then
use these insights to adjust choke settings or schedule maintenance before performance degrades.
A six-month pilot—covering a representative selection of wells—will validate the economic
impact by comparing unplanned downtime, workover frequency, and cumulative production

against historical baselines.

5.3 Strengthening Data-Quality and Monitoring

While our models coped well with outliers, long-term resilience hinges on rigorous
data-governance practices. We advise deploying automated anomaly-detection routines—such as
control-chart algorithms or simple statistical filters—that flag sensor drifts, communication
faults, or logging gaps in real time. Complementary to this, periodic audits of
cumulative-production metrics and sensor calibrations will ensure that the model continually
trains on high-fidelity data. Over time, such measures will reduce noise, tighten forecast

confidence intervals, and minimize the risk of spurious maintenance actions.

5.4 Enhancing Model Interpretability

Deep neural networks excel at capturing complex patterns but can be opaque to users. To foster
trust among production teams, we propose integrating explainability tools—such as SHAP
(SHapley Additive exPlanations) values—that decompose each daily forecast into feature
contributions. By surfacing which variables (e.g., a recent rise in wellhead pressure or a
cumulative oil milestone) most influenced a particular prediction, engineers can intuitively
understand the model’s reasoning and corroborate it with field observations. This transparency

will accelerate adoption and encourage constructive feedback for model refinement.
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5.5 Real-Time Closed-Loop Control

Looking beyond daily forecasts, the next frontier is real-time, closed-loop control of choke
actuators driven by the ANN’s predictions. By coupling the forecast engine with surface-control
valves and leveraging a Model Predictive Control (MPC) framework, the system could
autonomously adjust choke openings to optimize production while respecting safety and
equipment limits. Such an implementation would require rigorous safety interlocks and
human-in-the-loop overrides but holds the promise of maximizing recovery and reducing manual

intervention.

5.6 Future Research Directions

Several research extensions could broaden the framework’s applicability. First, applying transfer
learning to adapt the ANN to new fields—by fine-tuning the final layers on limited data—would
accelerate deployments in geologically diverse reservoirs. Second, incorporating uncertainty
quantification (e.g., via Bayesian neural networks) would provide probabilistic forecasts,
enabling risk-based decision making. Finally, extending the model to predict mechanical health
indicators—such as pump vibration or motor current—would integrate production forecasting

and equipment-health monitoring into a unified predictive-maintenance platform.

By following these recommendations, operators can evolve from reactive troubleshooting to a
truly predictive and autonomous production environment, unlocking both economic and safety

benefits across their well portfolios.
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