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ABSTRACT

Purpose: This study presents an integrated data-driven framework for optimising gas injection
strategies in enhanced oil recovery processes.

Design/Methodology/Approach: The proposed framework uses Long Short-Term Memory
(LSTM) to model nonlinear temporal dependencies. The key operational and reservoir
variables, such as gas injection rate (GIR), bottom-hole pressure, separator pressure, reservoir
temperature, tubing inner diameter, gas-oil ratio (GOR), and gas composition, are considered.
In the proposed method, after preprocessing, feature selection is done using the Sequential
Forward Selection (SFS) method. Then, the Whale Optimisation Algorithm (WOA) was
employed to optimise injection strategies and tune LSTM hyperparameters. The objective is to
maximise the net present value (NPV) subject to operational constraints.

Research Limitation: Uncertainties and changing reservoir conditions may limit the
generalisability of the proposed framework without further real-time adaptation.

Findings: The results demonstrate that the hybrid WOA-LSTM framework outperforms
LSTM and GRU models in both prediction accuracy and economic evaluation. In the
multivariate scenario, the model's RMSE is 2.22, MAE is 1.09, accuracy is 97.20%, and NPV
is $27.42 million. The results confirm the effectiveness of integrating metaheuristic
optimisation and deep learning to enhance production forecasting and decision-making.
Practical Implication: It can enable oil field operators to improve the production efficiency
and maximise economic returns while respecting the operational constraints.

Social Implication: Optimising gas injection resources reduces waste and enhances energy
efficiency. In air pollution, the proposed model reduces hydrocarbon production and improves
air quality.

Originality/Value: This study introduces a novel hybrid framework that combines LSTM-
based forecasting with WOA for prediction. The model offers a powerful solution for complex
reservoir management problems.
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INTRODUCTION

The transition from continuous growth to natural decline, along with the world's energy
demand for output from several oil fields, has increased the need for solutions that effectively
enhance recovery (Malozyomov et al., 2023; Agwu et al., 2024).

Gas injection is one of the approved EOR methods that could help improve ultimate recovery.
It can be done all at once or in cycles. According to Moelyono et al. (2025), it helps maintain
the tank's internal pressure, reducing the ratio movement and making fluid flow easier. To
capitalise on this potential and achieve economically beneficial injection rates and patterns in
the long run, a well-planned strategy within reasonable limitations is necessary. costs, surface
geological uncertainty, changing reservoir dynamics, and gas supply limits are among the other
factors that worsen the problem, according to Krishnan et al. (2024).

Classical methods based on scenario-based simulation or static settings, especially in the
presence of incomplete data and operational shocks, often produce outliers and risky responses
or incur high computational costs that prevent rapid updates (Ali et al., 2025; Temizel et al.,
2020; Kalogirou, 2003).

Recent advances in data-driven models and machine learning (ML) have provided new
perspectives for bridging “prediction” and “control” in intelligent field management (Karimi
et al., 2025). Time-oriented deep learning models, especially LSTMs, have demonstrated their
effectiveness in extracting long-term dependencies from operational time series, such as
bottomhole pressure, production/injection rates, and composite indices of gas-to-oil ratio
(GOR) or water-to-oil ratio (WOR), in process domains. This capability provides a basis for
surrogate models that can predict reservoir response over short to medium time horizons with
appropriate accuracy and speed, rather than using heavy simulators.

In addition, metaheuristic algorithms such as the Humpback WOA ( Mirjalili & Lewis, 2016)
provide a derivative-free framework for efficient search in continuous/discrete decision space
and reduce the risk of getting stuck in local optima by balancing exploration and exploitation
(Alaidany et al., 2023; Zhou et al., 2021). The combination of these two paradigms, namely
time-based prediction and derivative-free optimisation, provides a suitable basis for adaptive
allocation of injected gas at the well/model level, under technical and economic constraints.

Despite the growing body of research in production optimization, significant gaps remain: (1)
many approaches are limited to static settings and do not ensure decision robustness in the face
of changing flow regimes, such as sudden changes in GOR or water inflow; (i1) a significant
portion of studies lack a rolling-horizon update loop for field deployment due to their reliance
on expensive simulators; and (ii1) systematic integration of the economic objective function of
NPV with strict safety/operational constraints (formation fracture pressure, surface
injection/treatment ceiling, environmental constraints) into a scalable data-driven framework
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is less well-reported (Rana et al., 2020) Furthermore, the quality of field data—noise, lack of
uniform sampling, and changing well configurations—requires mechanisms to reduce model
sensitivity and continuous calibration (Wagqar et al., 2023; Feng et al., 2022).

Aiming to fill these gaps, this research presents an optimisation prediction framework for gas
injection optimisation, whose key elements are:
e LSTM-based surrogate model to predict key reservoir responses in horizons
t+1...t+H with block time validation and information leakage prevention settings;
e Metaheuristic optimisation with WOA for two decision layers: (a) tuning LSTM
hyperparameters (e.g., memory size, learning rate, time window) to maximise
prediction accuracy and stability, and (b) allocating GIR share among wells under
operational/safety constraints;
e Explicit economic-constraint formulation in which the risk-adjusted NPV is
optimised as the main objective function and violations of hard constraints are
controlled through a safety layer and structured penalties;

In this framework, the feature set includes time series of bottomhole pressure, oil/gas/water
production rates, injection rate and pressure, and composite indices (GOR/WOR), enriched
with noise-resistant preprocessing (robust averaging, robust statistical outlier removal, and
time-based normalisation) and an operational calendar. The LSTM model, with its multilayer
architecture and memory gates, predicts future reservoir responses and estimates the
uncertainty matrix (via Monte Carlo ensemble/Dropout) so that the optimiser can make a risk-
averse decision in the next step. WOA then optimises the injection rate/pattern for each well
using proportional functions that maximise NPV subject to fracture pressure, surface capacity
ceiling, and available gas limit constraints, achieving a balance among economic value, gas
consumption, and constraint compliance. This procedure is periodically re-executed in sliding
time windows to keep the injection policy robust to data noise and changing reservoir
conditions. The innovation of this work can be summarised as follows:

e Provide an LSTM with uncertainty estimation to predict reservoir response under
gas injection policies; Provide a two-level WOA-based optimisation that
simultaneously and derivatively tunes both the hyperparameters of the forecast
model and the operational gas allocation.

e Integrate the economic objective function NPV and safety/operational constraints
in an explicit formulation that is transferable to industrial environments;

The rest of the paper is structured as follows: Section 2 presents a review of the relevant
literature and the place of data-driven/heuristic methods in EOR; Section 3 describes the data,
preprocessing, mathematical formulation of the problem, and the architecture of LSTM and
WOA; Section 4 reports the evaluation protocol, sensitivity scenarios, and comparative results;
and Section 5 discusses the conclusion and future directions.
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LITERATURE REVIEW

Given the uncertain and dynamic nature of oil reservoirs affected by geological heterogeneity,
pressure drop, GOR/WOR variations and multiphase mixing, production control and
development scenario design require adaptive strategies that go beyond the principles of
solution drift, water drift, gas drift and gravity drift (Dietrich & Uniyal, 2020) and are aligned
with diverse gas injection methods, miscible/immiscible and continuous patterns, WAG and
cyclic; with COz, N2 and natural/recycled gas (Zhu & Furui, 2006).

Industrial evidence shows that the choice of gas type, boundary pressures, and operating pattern
determine displacement efficiency and the path of GOR/WOR evolution; therefore, decision-
making should be guided by safety/operational constraints and economic objectives. From a
modelling perspective, the range of approaches extends from analytical (dependent on
simplifying assumptions) to black-box empirical, federated (semi-empirical), and finally data-
driven/ML, where deep temporal models such as LSTMs, trained on field data, can predict
reservoir response and support real-time injection optimisation. Accordingly, the main gap in
the literature is the need for frameworks that link time series forecasting with independent
derivative optimisation and industrial integration to achieve optimal and sustainable gas
allocation under uncertainty; this is the direction that will be followed in the following review
of relevant research.

In Zeinolabedini et al. (2025), this study focuses on the optimisation of continuous gas injection
(CGL) using artificial intelligence: four synthetic multilayer perceptron (MLP), radial basis
function (RBF), general regression neural network (GRNN), and cascade forward neural
network (CFNN) were developed to predict bottomhole pressure and production rate, and then
multiple metaheuristics were tested to determine the optimal injection rate. However, the sole
reliance on simulation data (without field validation), the neglect of fluid composition
dynamics, the simplification of project economics, and the lack of consideration of deep
learning methods are key limitations of the research.

Movahed et al. (2024) developed an artificial neural network (ANN) model, and production
logging tool (PLT) and well-test separation data were extracted. First, the neural network model
was trained and tested using synthetic data generated by the PROSPERI1 software. The model
was then evaluated using a set of test points collected from the production logging tool (PLT)
logs. The results of this study showed that the ANN model has a high ability to accurately
predict bottomhole pressure and well fluid flow rate.

Ramos et al. (2024) present a closed-loop, iterative gas-injection optimisation workflow for
each well, which has been implemented across more than 1300 wells owned by ExxonMobil
in the Permian Basin. In this method, the optimal GIR is determined by analysing the
relationship between GIR and bottomhole pressure, thereby maximising the pressure difference
and optimising production. An ML model is developed to provide suggestions for optimising
the GIR.
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Mahdi (2023) presents a comprehensive review of the field of artificial lift method selection,
utilising innovative ML techniques to optimise the selection process and improve accuracy.
This research demonstrates the profound impact of ML applications in artificial lift method
selection and uses both supervised learning and clustering methods.

Olszak et al. (2022) present the results of a field experiment in which a combination of physical
methods and artificial intelligence (Al) technology is used to automatically optimise piston
lifting operations. In this study, a fully automated management system for adjusting piston
operating optimum points based on Al algorithms based on physical models is implemented in
a field experiment.

Katterbauer et al. (2022) present a data-driven, physics-based framework for optimising
aqueous hydrogen production from depleted/flooded reservoirs using thermal EOR and in-tank
combustion. Using high-temperature wireless sensors and hydrogen temperature/flow rate
data, oxygen/air injection is adjusted in real time to maximise combustion stability and
production efficiency; the evaluation is performed on a multi-well synthetic model. The results
suggest that integrating smart sensors and data-driven optimisation can improve the efficiency
and economics of heat recovery and serve as a supporting technology for the transition to green
energy in the oil and gas industry.

Abdollahi et al. (2021) present an integrated model of oil production from reservoir to surface;
wells are simulated with PROSPER, reservoir with REVEAL, and surface facilities with GAP,
and RESOLVE integrates them all. At the same time, an artificial neural network (ANN) based
on Box—Behnken experimental design is used to predict performance, achieving AARD~=3%
for training and 2% for testing. The results show that bottomhole pressure and separation
pressure have opposite behaviour with respect to the cumulative oil production target, and the
effect of bottomhole pressure is more complex and pronounced.

A review of the research background shows that most studies have used ML, especially ANN,
along with metaheuristics such as PSO, GWO, and GA, for gas injection and artificial lift
problems. Although previous work has high accuracy, it usually relies on only simulated data.
The limitation of flexibility in response to reservoir dynamics leads to weak learning of long-
term time dependencies. Moreover, optimisation has often been applied to static parameters
and is not applied in real field conditions. In response, this study proposes a combined approach
that uses an LSTM to learn long-term temporal relationships among important parameters and
a WOA for efficient search in the response space. As a result, the proposed method provides
an integrated data-driven framework that simultaneously trains and tunes the prediction model
and optimises the injection rate in both field constraints and uncertainties. Thus, compared with
previous studies, the proposed model demonstrates superior prediction accuracy, stability,
adaptability to reservoir dynamics, and readiness for industrial deployment.
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METHODS

This research employs a computational, data-driven approach to develop an integrated
framework for predicting and optimising gas injection performance in oil reservoirs. In this
method, preprocessing of operational data and reservoir parameters is performed initially
through data cleaning, removal of invalid entries, and Min-Max normalisation. So, the LSTM
was used to create the prediction model. LSTM models the reservoir's changing behaviour by
looking at how variables interact with each other, both linearly and nonlinearly, and how those
interactions change over time.

The SFS method was also used to simplify the model by identifying the most important
features. The WOA was then used to improve gas injection methods and to adjust the model's
hyperparameters to maximise the net present value. Finally, it may be able to make very
accurate production projections by combining these methodologies in a new way. This would
provide strong evidence for the best way to manage gas injection in oil reservoirs. Figure 1
shows the general block diagram of the proposed process of modelling and optimising gas
injection.

In addition, one of the important steps in the data preparation process was normalising
numerical values. By converting the values into a specific range (usually between 0 and 1), this
technique causes all features to be on the same scale and prevents the negative impact of the
difference in the dimensions of the values on the model learning process. This is especially
important in neural networks such as LSTM, which are sensitive to the size and distribution of
the input values. In this method, each data value is converted to a new value in the range 0-1.

This is done using the Min-Max method, whose formula is given as follows (Huang, Li, & Xie,
2015).

X - Xmin (1)

Xnorm =
Xmax - Xmin
Where X,,,rm 18 the normalized result. From normalization, X is the initial value before
normalization. Here X4, and X, represent the maximum and minimum values of each
feature, respectively (Karimi, Harouni, Jazi, Nasr, & Azizi, 2022).

ISSN: 2408-7920
Copyright (© African Journal of Applied Research
Arca Academic 99



preprocessing

African Journal of Applied Research
4 Vol. 12, No. 3 (2026), pp. 94-119
http://www.ajaronline.com

] https://doi.org/10.2643 7/ajar.v12
Received May 3, 2025

Peer reviewed: December 12, 2025
Revised: February 19, 2026
Published: April 2026

—:) 5= N 1A T —

~
LST™M
ModelirE — ~
Cet-1> Cet>
het-1> PR, MR YN
x<t>
NN

Injection amount optimization with WOA |

Injecting the optimal amount of gas

Evaluation

Figure 1: Block diagram of the proposed method
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Modelling with LSTM

In the first stage, the focus is on training the LSTM (Abolghasemi, Emadi, & Karimi, 2024).
As a powerful deep learning tool, this model can analyse temporal dependencies and hidden
trends in reservoir parameters. Historical data recorded from reservoir performance are used to
train the model. These data include variables such as GIR, reservoir pressure, daily oil
production rate, and other dynamic system characteristics. In this process, data is entered into
the model as time sequences, and LSTM learns the relationship patterns between inputs and
outputs through successive iterations.

The goal is for the model to predict outputs, such as oil production rates and economic
indicators (e.g., NPV), with high accuracy across different injection rates. Due to the LSTM's
recursive structure and memory retention, this model is well able to identify the late effects and
long-term dependencies of gas injection on reservoir performance. The result of this step is a
model that can serve as a reliable predictor in the optimisation process.

* Model Input:
According to the model structure proposed in this study, a set of key operational and
thermodynamic variables is introduced as inputs to the LSTM model to accurately simulate the
behaviour of the reservoir and production system. These inputs are shown in Table 1. A
combination of input parameters offers a highly detailed representation of subsurface
conditions, injected gas properties, and operational specifications. Such a comprehensive
dataset is critical for effective LSTM training and accurately predicting system dynamics.

Table 1: Model Inputs

Input (Feature) Effect in the Model Data Note / Pre-processing

GIR Direct control of reservoir | Min—Max normalisation or
pressure and displacement | standardisation; time
front; primary driver of the | alignment with
optimisation policy targets/outputs

Bottom-hole Indicator of flow potential and | Outlier  removal;  short

pressure (BHP) energy loss; sensitive to moving-average  filtering;
pattern/rate changes use as %ag/leac% features

Separator pressure Governs surface gas—liquid | Periodic stabilisation of

equilibrium and produced GOR

operational shifts; do not

one-hot encode—keep
continuous
Reservoir Affects viscosity and | Typically, quasi-
temperature miscibility; slow but influential stationary/slow-varying; can
variability be included as a contextual
variable
Tubing inner | Influences pressure drop and | Iftime-invariant, include as a
diameter (ID) flow rate; hydraulic conduit 1sctatic (time-independent)
eature
Gas—Oil Ratio Proxy for wolatility/pressure Separate instantaneous Vs
(GOR) depletion; early warning for | cumulative GOR; apply

gas breakthrough

lagging and de-noising
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propane

Gas composition:
methane/ethane

Determines

miscibility and It
/| EOR efficiency; impacts PVT
behaviour

impute/extrapolate
reference
lab/PVT data

missing,
using
proportions  or

The proposed architecture in Table 2 starts with an LSTM layer that converts the feature
sequence (TXF) into a latent representation (TxH); with return_sequences=True, H sample size
= 64, tanh inner activator, and sigmoid gates to model the short/long term dependencies and
delay of the injection rate/pressure effect stably and to provide a substrate for deeper or
Attention layers. To control overfitting, Dropout=0.2 is applied after the recurrent part to
reduce unit correlations and improve generalizability. Then a “temporal aggregation” step
(global mean/max or the final Flatten step) compresses the latent sequence into a vector (H) to
provide a stable, interpretable profile for the output. Finally, a single-neuron Dense layer with
linear activation maps the feature vector to a continuous target variable—such as production
rate or NPV—so that the prediction range is not limited and the output can be directly used

with economic/operational criteria.

Table 2: Architecture and components of the LSTM model for gas injection optimisation

Component Role Input / | Key Settings Design  Notes /
Output Rationale

LSTM layer | Extract Input: return_ Stabilises gradients;

(first) short/long- feature sequences=True; models delayed
term sequence units (H=64) effects of
temporal (T x F) (example); injection/pressure;
dependenci — internal foundation for
es Output: activations: tanh deeper stacks or

latent (cell),  sigmoid | Attention
sequence (gates)
(T x H)

Dropout Regularisat Input: (T | Dropoutrate=0.2 Lowers inter-neuron
ion to x H) — co-adaptation;
reduce Output: improves
overfitting (T x H) generalisation;

recurrent_dropout
can be added if
needed

Temporal Compress Input: (T | Global Choose based on the

aggregation sequence to x H) — Average/Max stability and
a feature | Output: Pooling or Flatten | interpretability  of
vector (H) of the last step downstream

regression

Output Map to Input: units=1, Unbounded output

Dense target H) - activation linear range; suitable for oil
quantity Output: rate / NPV
(regression (1) predictions
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Model Configuration.
Model configuration is a key step for LSTM training. In this step, three main components are

defined: the cost function, the optimiser, and the performance evaluation criteria. The correct
selection of these components directly affects the performance of the final model.

In the proposed LSTM-based model for oil reservoir performance prediction, the mean square
error (MSE) is selected as the cost function. MSE calculates the squared difference between
the actual and predicted values, then averages them. Due to its high sensitivity to large errors,
MSE is well-suited to problems with continuous outputs, such as production rate or NPV.

To optimise LSTM weights, the Adam algorithm has been used. Adam combines the
advantages of two widely used optimisers, namely RMSProp and SGD, with acceleration.
Adam adjusts the learning rate and gradient memory on its own to speed up the model's
convergence and ensure stable training across intricate time sequences.

The mean absolute error and root mean squared error are two measures of how well the model
performs. You may use these measurements to assess how well the model's predictions match
real-world datasets across a range of situations.

Model Output

The first output is the oil production rate, which, as a continuous value, predicts the reservoir
production behaviour in response to gas injection conditions and plays a fundamental role in
analysing the performance of different scenarios. The second output is the NPV, which
aggregates the project's economic returns based on predicted production values and provides a
measure of the profitability of the scenarios. Finally, the objective function for optimisation is
the model's combined output, which uses the predicted values as inputs to an optimisation
algorithm, such as WOA, to determine the path that maximises the GIR. This table clearly
reflects the predictive and guiding role of the LSTM model across the technical and economic

dimensions of the decision-making process.

Whale Algorithm Optimisation

The WOA was first proposed by Mirjalili and Lewis (2016). This algorithm is inspired by the
social behaviour of humpback whales. The Whale Algorithm starts with a set of random
solutions. In each iteration, the search agents update their positions using three operators: bait
encirclement, the bubble attack method, the network (extraction phase), and the search for bait
(exploration phase). During bait encirclement, humpback whales identify the bait and surround
it. The Whale Algorithm assumes that the best solution is the bait at the moment. After the best
search agent is identified, the other search agents update their positions relative to the best
search agent.
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To design the binary version of the Whale Algorithm, some basic concepts of the Whale
Algorithm are modified. Because the search is to be done in binary space, i.e., values 0 and 1,
the agents' or whales' movement will change to 0 or 1. The main difference between the original
WOA version and its binary version is the mechanism for updating the whales' positions. Also,
the values are only 0 and 1. In BWOA, the value is updated with the probability of the whale's
spiral movement. To binarise, a suitable transfer function is needed to map the whale's spiral
movement values to binary values and update them. This transfer function causes the whales
to move in a binary space.

Definition of the Objective Function

In this research, the objective function serves as a key tool for evaluating the profitability of
different gas injection scenarios and is defined based on the NPV economic indicator. The
highlight of this approach is the use of the LSTM deep learning model to predict the oil
production rate in different time intervals; in other words, the output of the LSTM model, i.e.,
the Q.values are directly included in the objective function. After training on reservoir
operational data, this model can predict future production rates for any proposed gas injection
amount. This predicted production rate, along with the price per barrel of oil, operating costs,
and discount rate, is then fed into the objective function and the economic value of the project
is calculated as follows:

T
_ N\ (@P—C) @
NPV = 2 Gy

In this relation, Q,is the oil production rate at time t predicted by LSTM, P is the price per
barrel of oil, C; is the operating costs at time t, r is the discount rate, and T is the total forecast

period.

The ultimate goal is to maximise the NPV by finding the optimal GIR; this is achieved using
the WOA metaheuristic. Therefore, the overall structure of this research combines a proposed
data-driven model (LSTM) for technical production forecasting with an economic objective
function for decision-making, which, in cooperation with the optimisation algorithm, yields the

optimal strategy for managing gas injection in the reservoir.

In the optimisation process, one necessary and effective step is to determine the search scope
for the decision variables. In this research, the main decision variable is the GIR entering the
reservoir, which must be examined within a reasonable operational range. This range should
be determined in a way that, on the one hand, reflects the actual field conditions and technical

constraints, and on the other hand, provides sufficient space to find the optimal answer.

To this end, the search range is adjusted based on historical injection data, surface facility
capacity, reservoir pressure, and safety constraints. For example, the GIR may be considered
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in the range of 5 to 60 million cubic feet per day (MMscf/day). This range is represented as
follows:
Injection Rate€[Qmin,Qmax] 3)

Qmin is the minimum possible injection rate (based on the injection threshold pressure or
economic constraint) and Qmax is the maximum acceptable injection rate (based on equipment
capacity or rock fracture pressure). Precise determination of this range causes the optimisation
algorithm, such as WOA, to search only in realistic areas and avoid testing infeasible or costly
values. As a result, both the convergence speed and the final efficiency of the proposed solution

are increased.

WOA Implementation
In this framework, in the algorithm of Figure 2, first, with operational time series data
(properties and oil rate), an LSTM-based predictive surrogate is trained to return the sequence
of future production rates Q;.; given a time-dependent gas injection policy x;.r.Then the
economic objective function is defined exactly according to the relation NP
(QeP—Cy)
NPV = Xim1~ (e
injection policies within the operating bounds Injection Rate€[Qmin, Qmax]; at each iteration,
each solution is updated with three standard WOA mechanisms: exploitation, exploration
around a random individual, and spiral attack towards the best response. Each new policy is
clipped to the allowable interval, evaluated with LSTM, and its NPV is calculated; if it is better,
it replaces the previous one, and if it is better, the global best is also updated. After a certain
number of iterations or a convergence criterion is met, the final output will be the best gas

injection profile over horizon T and the corresponding maximum NPV.

. To maximise NPV, the WOA starts with an initial population of

# Pseudocode Of proposed method

Inputs:
X,y # historical features and oil rate
P, C[1.T],r # price (constant), costs, discount
Qmin, Qmax # injection bounds
N, G # WOA population, iterations
T # horizon length

# 1) Train surrogate
LSTM = TrainLSTM(X, y)
# 2) Objective using the exact NPV formula
PredictProd(LSTM, x[1..T]) -=> Q.7 [1..T] # roll forward with policy x
Objective(x):
Qhat = PredictProd(LSTM, x)
NPV =0
for t=1..T:
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(QeP—Cp)
NPV = Xiey a+nt
return NPV # (add penalties here if needed)
# 3) WOA optimizer
WOA(Objective, Qmin, Qmax, N, G):
pop = [ rand(Qmin, Qmax, size=T) for i=1..N ] # time-varying policy over T
fit = [ Objective(pop[i]) for i=1..N ]
xbest = pop[argmax(fit)]; fbest = max(fit)
for g=1..G:
a=2-2*_g-D)/(G-1)
for i=1..N:
rl=rand(); r2=rand(); p=rand(); I=rand(-1,1)
A =2%a%*rl - a
Cc=2%r2
Xi = popli]
ifp<0.5:
if abs(A) < 1:
D = abs(Cc * xbest - Xi) # encircling
Xn =xbest- A *D
else:
j =randint(1,N); Xr =pop[j] # exploration
D =abs(Cc * Xr - Xi)

Xn=Xr-A*D
else:
Dp = abs(xbest - Xi) # spiral attack
b=1.0
Xn = Dp * exp(b*]) * cos(2*pi*]) + xbest
Xn = clip(Xn, Qmin, Qmax) # enforce Qmin < x_t < Qmax

fn = Objective(Xn)
if fn > fit[i]: pop[i]=Xn; fit[i]=tn
if fn > fbest: xbest=Xn; fbest=fn
return xbest, fbest
# 4) Run
best policy, best NPV = WOA(Objective, Qmin, Qmax, N, G)

RESULTS

In this study, the LSTM recurrent neural network model has been used to predict oil production
performance in response to different GIR. To compare and validate the proposed model's
performance, a similar GRU network architecture has also been used. Three prediction
structures have been defined for each model: LSTM and GRU alone, and LSTM combined

ISSN: 2408-7920
Copyright (© African Journal of Applied Research
Arca Academic 106



African Journal of Applied Research
4 Vol. 12, No. 3 (2026), pp. 94-119
http://www.ajaronline.com

J https://doi.org/10.2643 7/ajar.v12
Received May 3, 2025

Peer reviewed: December 12, 2025
Revised: February 19, 2026
Published: April 2026

with WOA-LSTM. These structures have been evaluated in two different scenarios defined
based on operational and reservoir data.

Evaluation Criteria

The suitability of an algorithm or method for predicting the amount of gas injected depends on
the results obtained. The following quantitative criteria will be used to evaluate these
algorithms: mean square error, root mean square error, absolute error, precision, and NPV
(Zeinolabedini et al., 2025; Shokir et al., 2017).

In this research, the LSTM model's output, which predicts the oil production rate at different
times, directly affects the calculation of production revenue. These revenues are then entered
into the NPV function, along with the fixed and variable costs of gas injection, and the final
result is optimised as a numerical criterion. The higher the NPV value, the more economically
desirable the gas injection scenario is considered. The database for this research comprises
10,000 simulated records related to the optimisation of gas injection in oil reservoirs. This data
is designed to examine the effect GIR on oil production performance and economic criteria
such as NPV. The variables in this database are divided into two categories of input variables
and output variables in Table 3.

The input variables include GIR, bottomhole pressure, separator pressure, reservoir
temperature, inner diameter of the production tubing, gas-to-oil ratio (GOR), and hydrocarbon
compositions C1, C2, and C3. These variables are generated through software simulation and
numerical modelling, and their changes are examined in the model outputs.

The output variables include oil production rate, project NPV and evaluated model errors,
including MAE, MSE and RMSE. These values indicate how well the proposed model predicts
the performance of the gas injection process and the extent to which optimisation has increased
production and reduced operating costs. This database can be used to train and evaluate ML
models, compare different optimisation algorithms, and perform economic and operational
analyses related to the gas injection process. Using this data, the best GIR can be determined
to maximise production and increase oilfield profitability.

Table 3: Database specifications

Description Unit Variable Type Variable Name
GIR MMSCFD Input (continuous) | GIR
Bottom-hole pressure | psi Input (continuous) | Bottom Hole Pressure
Separator pressure psi Input (continuous) | Separator Pressure
Reservoir temperature | °F Input (continuous) | Reservoir Temperature
Tubing inner diameter | inch Input (continuous) | Tubing ID
Gas—oil ratio SCF/STB Input (continuous) | GOR
Methane fraction in gas | % Input (continuous) | C1 Content
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Ethane fractionin gas | % Input (continuous) | C2 Content
Propane fraction in gas | % Input (continuous) | C3 Content
Oil production rate STB/day Output (continuous) | Oil Production Rate
NPV USD ($) Output (continuous) | NPV
MAE dimensionless | Output (continuous) | MAE
MSE dimensionless | Output (continuous) | MSE
RMSE dimensionless | Output (continuous) | RMSE
Settings

In this study, a data-driven model based on LSTM in MATLAB is developed for reservoir
performance prediction and economic estimates (including NPV). Historical
injection/production data and fluid/reservoir properties are preprocessed (removal/replacement
of missing data and normalisation ([0,1]) into training/validation/testing splits and monitored
with cross-validation with a 10% share. Hyperparameter tuning is performed by stochastic
search (learning rate, batch size, number of LSTM layers and neurons), and training is
performed with Adam (adaptive learning rate advantage); the final configuration and summary
of settings are given in Table 4.

Table 4: Final configuration of the LSTM model

Parameter Value
Learning rate 0.01
Optimizer Adam
Max iterations (epochs) 350
Batch size 80
Number of hidden units 100
Gradient threshold (clipping) | 1
Execution environment Auto
Number of LSTM layers 5
Sequence length Longest
Data shuffling Once
Activation function Sigmoid
Hyperparameter tuning Random search

In the first scenario (univariate forecasting), only the GIR variable was used as an input to the
model to predict outputs such as oil production rate or bottomhole pressure. In the second
scenario (multivariate forecasting), the model was fed with a set of reservoir and surface data,
including bottomhole pressure, reservoir temperature, injected gas composition (methane,
ethane, propane), oil production rate and other technical characteristics.

In all scenarios, the previous data values were provided to the model as a time series. For the
univariate model, the best performance was achieved using 168 past data points (equivalent to
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one week of operation). In contrast, in the multivariate model, using 24-hour data (96 data
points for 4 input characteristics) yielded more accurate results. In each forecast run, a future
24-hour interval was estimated, including oil production rate and NPV.

Finally, the performance of different models was compared using quantitative criteria such as
RMSE, MAE, MAPE, and NPV to identify the optimal model structure for forecasting and
decision-making in gas injection. Combining LSTM with WOA yielded better results than the
base models in most scenarios.

Univariate Time Series Forecasting

In this study, the “consumption/performance” forecast was first performed as a univariate and
based solely on the history of the same variable; three structures were tested: LSTM, GRU and
WOA-LSTM. In the proposed univariate approach, only one key input (e.g., separator pressure,
reservoir temperature, or methane percentage) was provided to the LSTM at a time to extract
temporal patterns of that variable; WOA then adjusted the GIR using the model output to
maximise NPV and forecast accuracy. Although this analysis lacks the comprehensiveness of
multivariate analysis, it reveals the relative importance of each feature and the model's learning
power with limited data. The results also showed that WOA-LSTM provides acceptable
accuracy compared to the baseline models, even in univariate mode, although in multivariate
scenarios it achieves significant improvements in accuracy and generalisation.

For each of the input variables tested—separator pressure, reservoir temperature, production
tubing internal diameter, GOR, and methane/ethane/propane percentages in the injected gas—
the same pattern is observed: the WOA-LSTM model (i.e., the LSTM with hyperparameters
tuned by the WOA) consistently provides the lowest RMSE/MAE and the highest accuracy
compared to the simple LSTM and GRU, and results in a higher economic NPV.

In the ranking of methods, LSTM usually comes after WOA-LSTM, and GRU shows the
weakest relative performance; this trend holds across all inputs, though the magnitude of the
performance gap between methods varies slightly by variable type. In each case—separator
pressure (Table 5), reservoir temperature (Table 6), production tubing internal diameter (Table
7), gas dissolved in oil ratio (GOR) (Table 8), and methane percentages, Ethane and propane
in gas mixture (Tables 9—11)—WOA-LSTM method systematically provides lower prediction
error (lower RMSE/MAE) and higher accuracy than LSTM and GRU, while leading to higher
NPV. In the ranking of methods, LSTM is usually followed by WOA-LSTM, and GRU shows
the weakest relative performance; this trend is observed in all the aforementioned tables,
although the efficiency gap between the methods changes slightly depending on the type of
input variable.

In more detail, Tables (5) and (7) show that the operational variables close to control (separator
pressure and internal diameter) with the WOA-LSTM framework provide the most consistent
improvement in accuracy and economic outcome; Table (6) shows the effect of thermodynamic
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inputs (reservoir temperature); and Tables (8) to (11) show the role of miscibility indices (GOR
and methane/ethane/propane components) in improving economic forecasting and decision-
making. The results of all tables establish the clear superiority of the WOA-LSTM forecasting-

optimisation approach in the three dimensions of accuracy, stability, and economic value.

Table 5: Input Variable: Separator Pressure

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 4.85 3.12 | 86.40 19.85
GRU 5.18 3.45 |84.30 18.92
WOA-LSTM | 3.74 221 |91.60 22.30
Table 6: Input Variable: Reservoir Temperature
Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 5.27 3.68 | 85.20 18.67
GRU 5.62 391 [83.40 17.89
WOA-LSTM | 4.02 2.38 190.10 21.56
Table 7: Input Variable: Tubing Inner Diameter
Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 4.95 3.23 | 86.10 19.10
GRU 5.31 3.51 [84.20 18.27
WOA-LSTM | 3.88 2.18 ]91.30 22.74
Table 8: Input Variable: Gas—Qil Ratio (GOR)
Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 4.91 3.14 | 86.20 19.35
GRU 5.23 343 | 84.10 18.50
WOA-LSTM | 3.79 2.11 ]91.70 22.58

Table 9: Input Variable: Methane Fraction in Injected Gas

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 5.35 3.75 | 84.70 18.50
GRU 5.71 3.98 |83.10 17.63
WOA-LSTM | 4.08 2.49 | 89.80 21.24

Table 10: Input Variable: Ethane Fraction in Injected Gas

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 5.23 3.68 | 85.00 18.94
GRU 5.57 3.87 |83.30 18.10
WOA-LSTM | 3.96 2.31 190.50 21.85
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Table 11: Input Variable: Propane Fraction in Injected Gas

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 5.07 3.48 | 85.60 19.28
GRU 5.39 3.71 |83.90 18.33
WOA-LSTM | 3.85 2.27 191.10 22.12

Multivariate Time Series Forecasting

In this section, we formulate and report the feature selection problem for data-driven gas
injection models with a systematic approach consistent with Q1 standards. To increase
computational efficiency and improve generalizability, SFS is used. In this method, the search
starts from the empty set, and at each step, the feature that provides the greatest improvement
in model performance (in terms of accuracy/error reduction) is added to the selection basket.
The process stops until there is no significant improvement or a predetermined threshold is
reached. The advantage of SFS is its simplicity, interpretability, and low computational cost,
which directly lead to reduced redundancy, reduced overfitting, and improved LSTM
convergence. In the proposed framework, SFS is coupled with WOA-based hyperparameter
optimisation to perform feature selection and model tuning synergistically.

Step-by-step SFS results. According to Table (12)—with two inputs “separator pressure” and
“reservoir temperature”—the WOA-LSTM model outperforms the baseline models and reveals
the synergy of pressure-temperature in improving the prediction of the optimal injection rate
and NPV. As detailed in Table 13, incorporating the inner diameter of the production pipe as
an additional feature strengthens the model’s representation of pressure drop and hydraulic
behavior. This inclusion effectively reduces the prediction error compared to the two-feature
baseline, with only a marginal increase in computational complexity. Furthermore, Table 14
illustrates the addition of the GOR alongside the previous variables. This enhancement enriches
the thermodynamic characterisation of the fluid, noticeably minimising error margins and
improving the precision of injection decision-making. Finally, as shown in Table 15,
integrating methane content into the injected gas improves the accuracy of simulations of fluid
miscibility and gas quality impacts. Consequently, this leads to greater prediction stability and
an improved NPV.

Then, the addition of “percent ethane” in Table 16 further completes the miscibility dimension
and shows that the collective effect of light components is better reflected than individual
analyses; a further reduction in error and an increase in accuracy are the results of this
enrichment.

The extension to “percent propane” in Table 17 as the heaviest component examined—has
made the thermodynamic flow dependencies more precise and revealed more complex
relationships between gas composition and reservoir response; the consequence is a further
reduction in RMSE/MAE and improved injection economic policies. Finally, Table 18 with
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the full set of eight features shows that the WOA-LSTM framework combined with SFS in the
richest configuration records the best prediction performance and the highest NPV; This result
confirms that multidimensional information (operational, thermodynamic, and hydraulic) when
integrated into an integrated prediction-optimisation model, provides the greatest efficiency for
field decision-making.

Methodological Summary. (i) SFS controls the problem dimension and reduces the risk of
overfitting by eliminating weak/correlated features; (ii)) WOA calibrates the LSTM in the stable
performance region by searching for independent derivatives in the hyperparameter/policy
space; and (iii) the incremental path of Tables 12 to 18 documents the role of each feature in
reducing error, increasing accuracy, and improving NPV as a systematic ablation analysis. To
fully comply with Q1 standards, it is recommended that the final version explicitly report and
control for temporal information leakage in cross-sectional assessments, in addition to
comparing means, confidence intervals, and significance tests (e.g., bootstrap or nonparametric
tests).

Table 12: Model performance with 2 input features

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 4.60 2.97 |87.10 20.35
GRU 4.88 3.19 | 85.80 19.45
WOA-LSTM | 3.73 2.20 | 91.80 22.48

Table 13: Model performance with 3 input features

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 4.32 2.75 | 88.30 21.10
GRU 4.57 2.91 |86.90 20.06
WOA-LSTM | 3.41 1.98 |92.90 23.31

Table 14: Model performance with 4 input features

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 4.05 2.53 | 89.60 21.85
GRU 4.29 2.64 | 88.10 20.82
WOA-LSTM | 3.10 1.75 | 94.00 24.19

Table 15: Model performance with 5 input features

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 3.78 2.32 190.80 22.43
GRU 4.02 2.39 189.30 21.41
WOA-LSTM | 2.85 1.55 ]95.10 25.02

ISSN: 2408-7920

Copyright (© African Journal of Applied Research

Arca Academic

112



Table 16: Model performance with 6 input features

African Journal of Applied Research
4 Vol. 12, No. 3 (2026), pp. 94-119
http://www.ajaronline.com

J https://doi.org/10.2643 7/ajar.v12

Received May 3, 2025

Peer reviewed: December 12, 2025
Revised: February 19, 2026

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 3.54 2.12 191.90 23.10
GRU 3.76 2.15 190.10 22.05
WOA-LSTM | 2.61 1.38 | 96.00 25.87

Table 17: Model performance with 7 input features

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 3.31 1.94 192.60 23.76
GRU 3.51 1.93 191.00 22.68
WOA-LSTM | 2.38 1.22 1 96.70 26.65

Table 18:Model performance with

8 input features (full set)

Method RMSE | MAE | Accuracy (%) | NPV (million USD)
LSTM 3.12 1.79 |93.30 24.38
GRU 3.33 1.81 | 91.60 23.30
WOA-LSTM | 2.22 1.09 | 97.20 27.42

Published: April 2026

The results of this study show that the proposed integrated framework, based on LSTM
optimised with the WOA and SFS, delivers better prediction and optimisation performance
than many of the methods reported in recent studies. Previous research has demonstrated that
ML can effectively model the complex nonlinear relationships present in reservoir systems. In
Table 19, Zhang et al. (2020) used methods such as Random Forests and ANNs to predict oil
production and reservoir behaviour, showing that data-driven approaches can achieve suitable
accuracy in analysing reservoir data. However, the error reported in their study (around
RMSE=3.65) is higher than the value obtained in the present research (RMSE=2.22). This
significant improvement can largely be attributed to the use of recurrent networks like LSTMs,
which can extract temporal dependencies in production and operational data—a capability
many traditional models lack.

The superiority of recurrent models in analysing reservoir time-series data was also emphasised
in the study by Al Shalabi and Al Hashem (2021). They used LSTM to predict reservoir
pressure and GOR, demonstrating that these models perform better compared to many common
ML algorithms. The findings of the present study align with these results; however, in this
research, using the WOA to tune the model’s hyperparameters significantly improved LSTM
performance and reduced error. This indicates that combining deep learning models with
metaheuristic algorithms can enhance the stability and prediction accuracy in complex
reservoir problems.
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Using optimisation methods not only improves prediction accuracy but also helps managers
make better decisions about oil reservoirs. Ghorbani et al. (2022) state that using neural
networks with metaheuristic algorithms such as PSO can enhance GIR and increase oil output
by about 6-10%. The results of the present study are consistent with these findings and confirm
the importance of using metaheuristic optimisation methods in reservoir management.
However, the proposed framework in this research goes a step further by incorporating the
economic metric of NPV into the decision-making process, in addition to optimising
production performance. Based on the results, the optimal scenario generated an NPV of
$27.42 million, demonstrating the economic advantage of the proposed approach.

Another important result of this study is the significant impact of feature selection on
improving model performance. In the research by Li et al. (2023), recurrent models like GRU
and LSTM were used for multivariate prediction of reservoir behaviour, but that study did not
employ systematic feature selection methods. The absence of such methods in high-
dimensional data problems can lead to reduced model efficiency and increased prediction error.
In contrast, this study used the SFS method to select the most important reservoir and
operational parameters, including separator pressure, reservoir temperature, tubing diameter,
GOR, and gas compositions. This process led to a remarkable improvement in model
performance, reducing the MAE to 1.09 and increasing prediction accuracy to 97.20 percent.

Overall, comparing the results of this study with previous research indicates that the proposed
WOA-LSTM-SFS framework provides a comprehensive and efficient approach for optimising
gas injection in oil reservoirs. Integrating temporal modelling, feature selection, and
metaheuristic optimisation into a unified data-driven framework not only increases prediction
accuracy but also enables decision-making based on economic criteria. These results
demonstrate that using combined ML frameworks can play a significant role in developing
intelligent reservoir management systems and improving the productivity and sustainability of
hydrocarbon production.
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Table 19: Literature Comparison

No.  Article Methods Study Key Comparison with the
Objective Results Present Study
1 Zhang et al. Random Prediction of Production The proposed
(2020), Forest, ANN  oil RMSE: WOA-LSTM model has
production 3.65 higher accuracy (RMSE =
and reservoir 2.22) and also includes
behaviour economic optimisation,

which was not considered
in their study.

2 Al-Shalabi LSTM Prediction of  Pressure The WOA- LSTM leads
& (without reservoir RMSE: to improved prediction
Al-Hashem optimisation) pressure and 3.12 accuracy and better
(2021) GOR model stability.

3 Ghorbani et PSO-ANN Optimisation Production Unlike their work, the
al. (2022), of GIR and increase:  proposed framework

oil 6—10% simultaneously optimises

production gas injection and
maximises (NPV =27.42
million USD).

4 Lietal. GRU,LSTM  Multivariable MAE: The WOA-LSTM has a
(2023). reservoir 1.98 lower prediction error

prediction (MAE =1.09) and

demonstrates the benefit
of feature selection.

CONCLUSION

Managing gas injection into oil reservoirs often suffers from a disconnect between the
predictive model and actual field decisions. To address this, the proposed framework relies on
LSTM and WOA. LSTM acts as a fast surrogate model. Because it inherently captures
complex, time-dependent reservoir dynamics, it can quickly test various injection scenarios
without running computationally expensive numerical simulations. The SFS technique is used
for selected relevant features. Once the predictions are solid, the WOA steps in to identify the
optimal GIR and patterns, navigating strict operational constraints to maximise NPV.

What truly sets this workflow apart is how it ties these elements together. A significant portion
of existing literature either stops at predicting reservoir behaviour or tries to optimise
operational settings in isolation. In contrast, time-series forecasting, feature selection, and
economic optimisation are integrated into a single, continuous pipeline. This means the system
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does not just forecast what might happen. It serves as a tool for advice, assisting engineers in
determining the precise amount of gas to inject to optimise profitability.

It makes sense to switch from DL-based reservoir management when considering the industrial
ramifications. It reduces operational planning risk, minimises gas waste, and lowers overall
operational expenditures. In an industry under constant pressure to be both efficient and
sustainable, deploying a fast, reliable decision-support tool is a major operational advantage.

The course, the current methodology has its limitations. Since the framework was largely
trained and tested on simulation-derived data, the next critical step is to rigorously validate it
against noisy, real-world field data. The proposed method also needs to account for the
inherent uncertainties of subsurface modelling, such as shifting fluid properties or unexpected
flow boundaries. Moving forward, expanding this setup to handle multi-objective optimisation,
for example, balancing maximum NPV with environmental metrics and integrating it directly
into existing supervisory control systems, will be vital for actual field deployment.

Finally, the WOA-LSTM-SEFS architecture demonstrates that combining artificial intelligence
feature selection with advanced forecasting and optimisation algorithms is highly effective. It
is computationally efficient, economically focused, and provides a highly practical blueprint
for modernising gas injection strategies.
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