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The drilling of non-vertical wellbores requires effective real-time monitoring techniques to improve
drilling efficiency. This study innovatively develops nine robust hybrid machine learning (HML) models
to develop a real-time surrogate model for the drilling cuttings transport index (DCTI). The DCTI, a
comprehensive indicator of hole-cleaning efficiency, is typically calculated with a 2-4 h delay due to its
dependency on laboratory-measured fluid properties. Our hybrid ML models overcome this limitation
by accurately emulating the DCTI value using only real-time, surface-recorded drilling data. A 6818-
record dataset was collected from three oil and gas fields (Eastern Province of Saudi Arabia),
comprising three offshore and two onshore wells. Following a meticulous dataset preprocessing, a non-
dominated sorting genetic algorithm (NSGA-II) was applied with a multi-layer perceptron neural
network (MLPNN), identifying seven key features influencing DCTI - inclination angle (ANG), rate of
penetration, flow in, depth, torque, stand-pipe pressure (SPP), and revolutions per minute. Extreme
learning machine (ELM), MLPNN, and radial basis function neural networks (RBFNN) were hybridized
with particle swarm optimization (PSO) and a growth optimizer in two stages: (1) to determine the
optimal model structure, and (2) to fine-tune the model hyperparameters to precisely estimate DCTI
based on the selected features. The HML models achieved better estimation performance and gener-
alizability than the standalone models. Achieving the lowest root mean square error (RMSE = 0.00344),
the RBFNN-PSO model exhibited the best DCTI estimation performance. Analytical scoring, robustness,
and Monte Carlo simulation confirmed this model's superior performance, robustness, and high
generalization. Shapley additive explanations (SHAP) feature influence analysis revealed that ANG
exerted the most influence on the RBFNN-PSO estimations, while SPP had the least impact. During
drilling operations, the proposed data-driven approach practically enables drilling crews to diagnose
and monitor hole-cleaning performance in real time and improve the rate of penetration. Furthermore,
SHAP analysis transforms the model into a prescriptive tool, identifying the primary real-time param-
eters affecting hole cleaning. This enables drillers to make targeted operational decisions, such as

adjusting the rate of penetration or flow rate, to mitigate developing issues.
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1. Introduction

Growing global energy demand, along with declining conven-
tional resources (Wang et al., 2024), has necessitated the use of
highly deviated and horizontal wells for hydrocarbon production,
especially in unconventional reservoirs (Al-Rubaii et al., 2023b; Al-
Shargabi et al., 2024). These advanced drilling approaches extend
contact with the formation and improve productivity (Al-Shargabi
et al., 2024). The market for such technologies was estimated at
USD 3.5 billion in 2024 and is expected to grow to USD 5.8 billion
by 2033, with a compound annual growth rate of 6.1% from 2026
(Deloitte, 2025; VMP, 2025). However, as wellbore complexity has
increased, hole cleaning (HC) has emerged as one of the most
pressing operational challenges (Al-Rubaii et al., 2023b; Elsayed
Salem and Nasr El-Din, 2006; Khosravanian and Aadnay, 2021).

Accumulated cuttings in highly deviated and horizontal well-
bores sections often form beds at the annular bottom, impeding
circulation, causing pump blockages while circulating and stuck
pipe events. Such problems elevate non-productive time (NPT),
compromise safety, and inflate costs (Al-Rubaii et al., 2023b; Costa
et al., 2023). Consequently, HC efficiency is fundamental to overall
drilling performance, as effective cuttings removal is essential for
safety, operational continuity, and economic viability (Yeu et al.,
2019). This complexity arises from the dynamic interplay of
three primary factors: drilling fluid (DF) properties, operational
and mechanical parameters, and wellbore geometry (Al-Rubaii
et al., 2023d; Nazari et al., 2010).

DF is the primary medium for cuttings transport; adequate
density prevents particle settling and fluid loss (Yu et al., 2007),
while optimized rheology ensures effective suspension and
conveyance (Adari et al., 2000). Operational and mechanical pa-
rameters further complicate HC optimization (Al-Shargabi et al.,
2024). Weight on bit (WOB) has a dual effect: higher loading
produces finer cuttings but increases cuttings bed risk (Al-Rubaii
et al., 2023b; Elsayed Salem and Nasr El-Din, 2006; Khosravanian
and Aadnay, 2021). Flow rate (GPM) is critical—insufficient flow
impairs evacuation, excessive flow risks wellbore-wall erosion or
turbulence (Khosravanian and Aadngy, 2021), while drill-string
rotation (RPM) and rate of penetration (ROP) influence cuttings
distribution (Al-Shargabi et al., 2024; Zhu et al., 2023). Wellbore
inclination also affects transport mechanisms in an inclination-
dependent manner (Ahmed, 2020; Zhu et al., 2023). In wellbores
with angles ranging from O to 45°, laminar flow dominates, and HC
efficiency is governed by fluid rheology and stress distribution
(Mahmoud et al., 2020). In 45-65°, cuttings sliding disrupts flow
predictability and reduces efficiency (Igbal et al., 2023), with the
30-70° range having the highest risk of stuck pipe, necessitating
flow rates 2-3 times higher than vertical wells (Piroozian et al.,
2012; Yeo et al., 2021). In 65-90° sections, turbulent flow en-
hances transport but remains sensitive to rheological properties
affecting lift capacity (Piroozian et al., 2012; Yeo et al., 2021).

The multifaceted challenges mentioned highlight the need for
robust HC monitoring and management in highly deviated and
horizontal wells (Al-Rubaii et al., 2023b). Real-time evaluation of
HC performance using actual drilling parameters, coupled with
dynamic optimization of cuttings transport, is essential to mitigate
downhole incidents, reduce NPT, and lower operational costs (Al-
Rubaii et al., 2023b; Al-Shargabi et al., 2024). Currently, three
primary approaches have been used to estimate HC performance
in non-vertical wellbores: empirical indexing methods, machine
learning (ML), and deep learning (DL) models (Al-Shargabi et al.,
2024; Davoodi et al., 2025).

Since 1961, several empirical models have been utilized with
the initial development of cutting concentration in annulus (CCA1)
model by Newitt et al. (1961), which estimated the accumulation
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of drilling cuttings in the annulus. Mitchell (1992) later expanded
this model to provide empirical evidence for a concentric con-
centration model, accounting for pre- and post-connection circu-
lation. Sifferman et al. (1974) developed a cutting carrying index
(CCI) based on transport ratio (TR) and GPM to evaluate the fluid
velocity needed to lift cuttings with the actual annular velocity
(Vann) in the well. Subsequently, several models have been devel-
oped to provide additional insights for HC performance. The most
widely used of these are transport index (TI) (Luo et al., 1992,
1994), HC ratio (HCR) (Rasi and Member, 1994), and carrying ca-
pacity ratio (CCR) (Robinson and Morgan, 2004). For instance, CCR
assesses cuttings lifting in vertical wellbores using Vann, DF den-
sity, and a power law constant (k) (Robinson and Morgan, 2004).

Martins et al. (2011) enhanced wellbore monitoring by inte-
grating cuttings flow meters with hydraulic models, improving HC
assessment. Jimmy et al. (2022) developed a lifting coefficient (p!)
to assess cutting's lifting ability in wellbores. Despite these efforts,
these models have primarily been tested in laboratory settings,
limiting their applicability and reliability and necessitating further
validation under diverse field conditions, especially in highly
deviated and horizontal wellbore sections. Additionally, current
models rely on non-real-time drilling parameters, such as DF
properties including plastic viscosity (PV), yield point (YP), k, and
flow behavior index (n), restricting their use in real-time drilling
operations, which depend on time-consuming measurements that
take 2—4 h per day and are limited to specific well sections. Al-
Rubai et al. (2023a, 2023¢) modified three empirical models (CCR,
HCR, and TI) to generalize and apply them across various complex
profiles, including horizontal wells, using only field data records.
However, despite model validations from field datasets, these
modified models rely on non-real-time drilling parameters, which
limit their applications in real-time HC performance.

In the realm of ML and DL, few studies have been utilized to
estimate HC related issues (Al-Shargabi et al., 2024; Davoodi et al.,
2025). Ozbayoglu et al. (2002) pioneered the use of artificial neural
networks (ANN) to forecast cuttings-bed height (CBH), incorpo-
rating input variables such as feed cuttings concentration, fluid
densities, ROP, and wellbore geometry, achieving an average ab-
solute percentage error (AAPE) below 10%. Rooki et al. (2014)
expanded and applied ANN and multiple linear regression (MLR)
to predict cuttings concentration in foam DF based on experi-
mental foam properties, with ANN yielding the best performance
(mean average percentage error (MAPE) of 3.2%). Li et al. (2014)
used a radial basis function (RBF) network to estimate particle
settling behavior based on fluid and particle properties, reporting a
root mean square error (RMSE) of 0.0272. Ulker and Sorgun (2016)
evaluated various ML models, including k-nearest neighbor (k-
NN), support vector regression (SVR), linear regression, and ANN,
to estimate the dimensionless cuttings-bed area ratio from DF
velocity, ROP, wellbore inclination, and RPM, showing that ANN
achieved the best results with RMSE of 0.2592. Al-Azani et al.
(2019) and Alkinani et al. (2019) further validated ANN's reli-
ability using extensive experimental datasets and highlighted how
DF properties influence HC efficiency.

Han et al. (2022) applied ML (ANN, SVR) and DL models
(recurrent neural networks (RNN) and long short-term memory
(LSTM)) to predict CBH using the inputs GPM, cuttings diameter,
ROP, eccentricity, and wellbore diameter. Their ANN model per-
formed the best, achieving an RMSE of 1.069%. Chowdhury and
Hovda (2023, 2022) utilized fuzzy logic (FL) to estimate cuttings
concentration using 509 experimental data points and multiple
drilling parameters. Their FL model achieved an RMSE of 3.41%,
which was improved upon by a hybrid FL and genetic algorithm
(GA) applied to 702 data points, reducing RMSE to 1.5722%.
However, current ML and DL studies only rely on measurements or
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laboratory-based analysis that are unavailable in real-time drilling
operations. They are specifically tailored toward predicting inter-
mediate parameters like cuttings concentration or CBH rather than
providing holistic evaluations of HC conditions or the likelihood of
operational problems such as stuck pipe.

The literature review indicates that there has been minimal
research focused on developing ML models that can estimate HC
performance in complex well profiles. So far, only one study has
suggested an approach for estimating HC performance. Wood
(2023) interpolated data points along the curved trends experi-
mentally in horizontal sections to generate additional points for
ML models. Subsequently, seven empirical H% relationships were
developed, using various influencing parameters on HC such as
RPM, DF density, and Van,. Among the ML models for predicting
these empirical H% relationships, XGBoost demonstrated the best
performance, achieving an RMSE of 0.76%. However, the study
relies on a small dataset derived from experimentally-interpolated
information, and only two real-time inputs were employed in each
of the developed empirical relationships. This limitation makes
them unsuitable for broader application across diverse, complex
wells and restricts their generalizability in real-time scenarios.

To the best of the authors' knowledge, no data-driven models
have been proposed to date that can provide a real-time estima-
tion of HC performance using field data from complex well pro-
files. Hence, there is a pressing need for a novel and robust real-
time approach to estimate HC performance in highly deviated
and horizontal wellbores. This advancement would ultimately aid
a drilling team's ability to manage and diagnose HC more effi-
ciently. All empirical models developed so far have been based on
experimental data or only field data, without HC experimental
verification (Al-Rubaii et al., 2023a, 2023b, 2023c; Luo et al., 1992,
1994; Martins et al., 2011; Mitchell, 1992; Newitt et al., 1961; Rasi
and Member, 1994; Robinson and Morgan, 2004; Sifferman et al.,
1974). Likewise, ML and DL models have been used to predict HC
issues without providing insights into HC performance itself. They
have relied solely on experimental data records without any field
validation (Al-Azani et al., 2019; Alkinani et al., 2019; Chowdhury
and Hovda, 2022, 2023; Han et al., 2022; Li et al., 2014; Ozbayoglu
et al., 2002; Rooki et al., 2014; Ulker and Sorgun, 2016; Wood,
2023).

To bridge this gap, this study presents a novel, data-driven
framework that enables real-time, accurate, and robust estima-
tion of HC efficiency in non-vertical wellbores using only readily
available field parameters, eliminating reliance on time-
consuming laboratory analyses. The primary innovation of this
study is that, for the first time, it develops a high-fidelity, real-time
surrogate model for the empirical DCTI calculation. This approach
explicitly tackles the time-lag problem inherent in the original
model rather than attempting to validate the DCTI concept itself.
The objective is to create a diagnostic tool that can provide an
instantaneous estimate of the DCTI, effectively bypassing its de-
pendency on lagged laboratory data. The standalone models
evaluated are radial basis function neural network (RBFNN), multi-
layer perceptron neural network (MLPNN), and extreme learning
machine (ELM). The hybrid ML (HML) models enhance each of the
standalone models by integrating them with two powerful meta-
heuristic optimization algorithms: particle swarm optimization
(PSO) and growth optimizer (GO). These HML models are designed
to automatically tune critical hyperparameters, thereby improving
prediction accuracy, convergence speed, and generalization under
diverse drilling conditions.

A central estimated output of the developed models is the
drilling cuttings transport index (DCTI (Al-Rubaii et al., 2023b);), a
metric that evaluates HC efficiency in drilling. Although the
empirical DCTI model offers reliable HC condition estimates,
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certain inputs, such as PV, YP, and viscometer readings (R3, Rg, R100,
R200, R300, Re00), require laboratory measurement, causing a 2-4 h
delay daily. This time lag restricts real-time monitoring and im-
pairs timely decision-making, which is essential for sustaining
optimal drilling performance. Therefore, the study develops
standalone ML and HML models using drilling variables recorded
in real time, including RPM, inclination angle, bit aggressiveness
(BA), ROP, and GPM.

The developed models are evaluated using real field data from
five non-vertical wells, including three offshore and two onshore
wells drilled in Saudi Arabia. These wells represent different dril-
ling conditions: (1) smooth ROP resulting in efficient HC condi-
tions; (2) low ROP due to cuttings accumulation during drilling;
and (3) instances of stuck drilling strings due to insufficient cut-
tings transport. As a result, the complete dataset encompasses a
wide range of HC conditions. The proposed ML and HML models
are deployed to generate real-time predictions of HC conditions by
estimating DCTI values without requiring laboratory measure-
ments. Consequently, such DCTI estimates can be used in real time
to make timely decisions that improve wellbore HC conditions.
Furthermore, by employing the Shapley Additive Explanations
(SHAP) feature-influence, interpretability technique, the model
transitions from a black-box predictor to a diagnostic tool,
revealing the primary drilling parameters influencing HC and
providing actionable guidance for operators.

2. Data collection and description
2.1. The drilling cutting transport index (DCTI)

Al-Rubaii et al. (2023b) modified the DCTI based on TI devel-
oped by Luo et al. (Luo et al., 1992, 1994) to generate the highest
level of semi-automations in real-time HC estimation. Hence, this
work addresses the primary deficiency in the semi-automated
DCTI model by assessing the HC circumstances and devising a
real-time ML and HML model to overcome the limitations of the
modified DCTI. The modified DCTI is expressed as Eq. (1) (Al-Rubaii
et al., 2023b):

DCTI = MW - (RFy + LCiy)-AFm (1)
Where MW denotes the DF density (Ib/cf), AF, denotes the
modified angle factor, LC;;, denotes the modified original lifting
capacity, and RF;, denotes the average rheology factor.

The modified DCTI model is a significant advancement in dril-
ling operations, as it incorporates the variables hydraulic veloc-
ities, rheological characteristics, flow regime, cuttings properties,
equivalent circulation density, lifting capacity, and angle factors. It
provides a comprehensive assessment of downhole conditions and
serves as a reliable indicator of HC conditions. A DCTI value over 1
indicates satisfactory cleaning, while a DCTI below 1 indicates
insufficient cleaning (Al-Rubaii et al., 2023b; Luo et al., 1992, 1994;
Unegbu, 2010). For more information about the DCTI refer to (Al-
Rubaii et al., 2023b). The next subsection describes how the
dataset was compiled to determine the output DCTIL

It is crucial to clarify that the DCTI values serving as the target
variable for this study were not directly measured but were
calculated retrospectively using Eq. (1). The requisite rheological
properties (e.g., PV, YP, R3-R600) were obtained from routine mud
checks performed at the rig site at approximately 2-4-h intervals.
These lab measurements were meticulously time-synchronized
with the real-time drilling data records to construct the compre-
hensive dataset. Therefore, the objective of the ML models devel-
oped herein is to function as a high-fidelity, real-time surrogate
model for this empirical DCTI calculation, effectively bypassing its
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dependency on lagged laboratory data.
2.2. Standalone ML and HML input parameters description

Building on the results of previous studies (Al-Rubaii et al.,
2023d; Al-Shargabi et al., 2024), this study employs seven real-
time parameters to forecast the DCTI, enabling the assessment
and monitoring of HC conditions using RBFNN, MLPNN, and ELM
optimized with PSO and GO. GO and PSO are applied to the
standalone ML models to optimize the hyperparameters of the
HML models. These optimizers avoid local optima, enhancing
generalization, improving accuracy, and providing a robust solu-
tion for forecasting DCTI, thereby reducing training time and
minimizing errors (Davoodi et al., 2023). The input parameters and
factor include depth (ft); rate of penetration (ROP, ft/h); drilling
fluid flow out (FLo, %); drilling fluid flow in (FLin, gal/min); hook
load (HL, kibf); revolution per minute (RPM, rpm) for rotary-
steerable system (RSS); stand pipe pressure (SPP, psi); torque
(Trq, kft.Ibf); weight on bit (WOB, kIbf); angle inclinations (ANG,
deg); and bit aggressiveness factor (BA). These parameters can be
used to evaluate and estimate the HC conditions in real-time by
monitoring the drilling operation and adjusting the HC process
accordingly. For example, higher FLin can help remove cuttings
more efficiently, but can also increase mud pressure and lead to
lost circulation. Monitoring FLin in real time can help optimize HC
(Al-Azani et al., 2019). Similarly, higher ROP can indicate better HC,
but it can also lead to instability and lost circulation. Monitoring
ROP in real time can help identify optimum drilling conditions
(Brenjkar and Biniaz Delijani, 2022). Table 1 displays a statistical
summary of the dataset variables, including the predicted target
(dependent) variable DCTI.

All data variables were collected through drilling rig sensors in
real time, installed on the offshore and onshore drilling rigs
involved in the wells drilled in three oil and gas fields located in the
Eastern Province of Saudi Arabia. The recorded data from five well
sites was transmitted to a remote operations center for monitoring
and collation. The recorded data is divided into three hole-cleaning
classes: (1) effective HC due to the high ROP; (2) poor HC due to
cuttings accumulations during drilling, causing a decrease in ROP;
and (3) stuck drilling string due to insufficient cutting transport.

The five wells studied all involve non-vertical wellbore sections
varying from low to high deviations, including horizontal com-
ponents. All drilling mechanical inputs used were recorded and
filtered every 5 s and stored in a central system that can be
accessed through structured query language (SQL) queries. Addi-
tionally, the data for these drilling sections were selected based on
matching static characteristics among the wells and field experi-
ence related to the identification of HC conditions. These wells
possess the following uniform features: borehole diameter (12.25
inches and 8.5 inches), DF type (Innovert DF and oil-based DF),
type of drill bit (PDC), strength of drill bit (M3), drilling conducted
with a motorized RSS, and main reservoir targets (Hanifa and
Khafji Formation). Moreover, the wells were all drilled for pro-
duction purposes and followed the same drilling plan.

The compiled input variables were used to determine DCTI
(target variable) for promptly estimating the HC conditions in
near-real time. The data from an offshore well, which was used to
develop the DCTI model (Al-Rubaii et al., 2023b), was employed for
comparison with the results of the five wells evaluated in this
study.

3. Methodology

Fig. 1 shows a schematic diagram depicting the sequential
procedure for forecasting DCTI with the standalone ML and HML
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models. The process involves compiling historical field data to
measure the DCTI and influencing independent variables. The data
are initially analyzed to identify and remove outliers by evaluating
the relationship between mechanical specific energy (MSE) and
drilling ROP. The separation ratios of the filtered data records are
examined for dividing the dataset into training and testing cate-
gories. A genetic algorithm (GA) with non-dominated sorting
(NSGA-II), combined with MLPN, is employed to select a subset of
the available input features that have the most significant impact
on DCTI. Appropriate settings are applied to predictive ML and
optimization algorithms to develop both standalone and hybrid
forms on training data and DCTI predictive models. These trained
models are evaluated on testing data to assess their generaliz-
ability. Scoring and robustness techniques are applied to select the
best model. The best model is then further assessed with a Monte
Carlo simulation to determine the level of uncertainty. The best
model is also analyzed with Shapley additive explanations (SHAP)
to determine the relative importance of the input features.

3.1. Predictive algorithms

Each ML algorithm is associated with its own strengths and
weaknesses, which influence its prediction performance when
applied to a specific dataset. In this regard, the ML algorithms
considered, ELM, MLPNN, and RBFNN, are compared based on
various criteria in Table 2.

3.1.1. The extreme learning machine (ELM)

Huang developed the ELM in 2004 to overcome conventional
algorithms' limitations like low learning rates and slow training
(Huang et al., 2004; Liang et al., 2006). The model employs input,
hidden, and output layers, assigning weights randomly across
them. Output weights are computed in a single step using the
Moore-Penrose generalized inverse operation. ELM is a user-
friendly algorithm that efficiently analyzes network parameters,
reduces human involvement, and offers superior performance and
compatibility with nonlinear activation and kernel functions. It
eliminates iterative backpropagation training in multi-layer per-
ceptron networks but tends to lack sufficient precision and accu-
racy (Rashidi et al., 2021; Yeom and Kwak, 2017). Furthermore,
ELMs, unlike networks with multiple hidden layers, have a single
level of abstraction, making them more flexible through optimized
algorithms for better performance (Zeng et al., 2017).

Table 1

Statistical summary of the variable distributions, each involving 6818 data records
compiled from the five non-vertical offshore and onshore wells used to predict
DCTIL

Data variables ~Maximum  Minimum Mean Skewness  Kurtosis
Depth, ft 12820.00 5950.00 9397.46 -0.01 -1.20
ROP, ft/h 267.86 0.55 93.38 0.74 0.34
FLo, % 43.40 22.96 34.21 -0.01 —-0.04
FLin, gal/min 787.20 272.50 565.32 -5.24 55.87
HL, kibf 204.62 154.55 174.50 0.57 -0.61
RPM, rpm 103.40 42.30 81.50 -0.26 -0.57
SPP, psi 4418.56 1059.33 393396 -1.60 4.86
Trq, kft.Ibf 15.62 0.01 8.77 -0.41 -0.68
WOB, kibf 38.6 0.00 26.7 -0.91 -0.23
ANG, DEG 88.70 22.90 75.50 —-1.40 0.50
BA 1.84 0.001 1.03 -0.41 —-0.68
DCTI 1.90 0.26 0.57 1.61 1.28

Note: the abbreviations used in this table are ROP = rate of penetration,
Flo = drilling fluid flow out, FLin = drilling fluid flow in, HL = hook load,
RPM revolution per minute, SPP stand-pipe pressure, Trq torque,
WOB = weight on bit, ANG = angle inclination, BA = bit aggressiveness factor, and
DCTI = drilling cutting's transport index.
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3.1.2. The multilayer perceptron neural network (MLPNN)

Artificial neural networks (ANNs) are configured in analogous
ways to neurons in the human brain and are designed to uncover
complex nonlinear relationships between variables (Ali, 1994). Key
parameters for building ANN models include data preparation,
input variable selection, choice of neural network type and
structure, transfer function, and training algorithm (Maimon and
Rokach, 2005). The MLPNN is a popular neural network structure
due to its ability to estimate functions with reasonable accuracy,
provided there are enough hidden units. It is ideal for modeling
relationships between multiple input variables and output vari-
ables (Bishop and Nasrabadi, 2006). An MLPNN model was used to
estimate ROP in a study well (Maimon and Rokach, 2005).
MLPNNs' layered architecture enables them to model complex
data relationships and patterns, making them adaptable to
nonlinear and non-parametric problems, as nodes are connected
through adjustable weights (Awad and Khanna, 2015). It starts
with an input layer where each neuron represents an input-data
feature. The data then moves through hidden layers, where each
neuron computes the weighted sum of its inputs and applies an
activation function to introduce nonlinearity (Hornik et al., 1989).
The output layer generates the final predictions (LeCun et al.,
2015).

3.1.3. The radial basis function neural network (RBENN)

Moody and Darken (1989) developed the RBFNN as an ANN
alternative to address scattered data point approximation prob-
lems. The RBFNN excels in tackling non-linear problems, demon-
strating enhanced training efficiency, robust generalization
abilities, and a streamlined design methodology (Chandra et al.,
2020; Yu et al., 2011). RBFNNs and k-NN models share a similar
framework but differ in their implementation. RBFNNs calculate

Data preprocessing

Feature selection and

Outlier detection and Data division into train
liminati data normalization

and test

&

Train standalone and
hybrid ML algorithms

Fredictive mdels development

Tuning the ML and Test the trained simple

and hybrid models

optimization algorithms

Evad af developed models and seleetion of the best p

| Scoring analysis H Robustness analysis |
Uncertainty analysks and interpretation of the best paradigm

| Monte Carlo simulation H Feature importance |

| Select the best performing model |

&
[ |

Fig. 1. A schematic diagram depicting the sequential procedure for forecasting the
standalone ML and HML of DCTIL
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Euclidean distance between test cases and neuron centers, assign
weights, multiply output, and pass the modified data through
output layers to generate predictions (Rezaei et al., 2022). Never-
theless, the application of RBFNNs may be influenced by specific
data-point values, potentially reducing their prediction efficiency
compared to MLP (Xie et al., 2011).

3.2. Optimization algorithms

3.2.1. Particle swarm optimization (PSO)

PSO is a stochastic optimization technique inspired by animal
swarming behaviors (Eberhart and Kennedy, 1995), which gener-
ates a group of possible solutions based on collections of “parti-
cles” that progress towards the most optimal solution (Onwunalu
et al., 2009). The position vector x;(t) and velocity vector v;(t) are
determined by individual experience and collective knowledge of
the swarm's accurate positions (Sharma and Onwubolu, 2009). The
effectiveness and simplicity of PSO implementation (Eq. (2))
depend on the selected algorithm control parameter values, which
are influenced by different neighborhood topologies (Lin and
Hong, 2007; Onwunalu et al., 2009).

via (¢ +1) =wrig(€) + €171 (Ppesta (£) — Xia(0))
+Cary (Gbesr,id(f) - Xid(t)> d=1

The PSO algorithm employs three distinct components, namely
inertia (wvy), cognitive (c;), and social (c;) constants, to update
the velocity and position of particles (Onwunalu et al., 2009). The
velocity update equation effectively balances exploration, deter-
mined by a weighting factor w, and exploitation, influenced by
cognitive and social factors (Onwunalu et al., 2009). Cognitive
terms are used to denote the individual's best position (Ppes jq) of a
particle, whereas social terms are employed to represent its social
interaction (t), which guides it towards the collective best-known
(global best) position (Gpes iq) of the swarm. Random coefficients r
and c are used to vary weights applied to these terms, resulting in a
stochastic behavior. The subsequent particle position (Eq. (3)) is
determined by the revised velocity (Lin and Hong, 2007; Pedersen
and Chipperfield, 2010).

Xid(t_'_ 1) :Xid(t) +"id(t+ 1),d = 1,2, ,D

(2)

(3)

3.2.2. Growth optimizer (GO)

The growth optimization (GO) (Fatani et al., 2023; Zhang et al.,
2023) is an optimization technique that uses learning and intro-
spection to enhance problem-solving abilities. The technique
generates an initial list of candidate solutions, X, for optimization
issues, similar to how individuals acquire knowledge by moni-
toring their environment. The algorithm then assesses its search
method, identifying areas for improvement, and is used to address
complex challenges in various engineering approaches (Zhang
et al,, 2023). The first stage involves generating a population of
candidate solutions, which are assessed and improved throughout
the optimization process (Zhang et al., 2023). The generation of
novel solutions uses indexes to determine factors within each
solution, with index “i" representing the specific solution within
the population and dimension index “j" representing attribute
values. The index's range is limited by upper and lower bounds (pb
and Ib) specific to the optimization problem's search space. The
rand(0,1) function generates uniform random integers within the
range of 0-1 (Fatani et al., 2023).

The GO algorithm is used in three phases: population phase
segmentation, learning stage, and reflection stage (Gao et al., 2024;
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Table 2

Performance comparisons of ELM, MLPNN, and RBFNN algorithms using different criteria.
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Criteria ELM

MLPNN

RBFNN

Training speed Fast training due to single layer feed
forward network and analytical
determination of weights (Huang et al.,
2006)

Good generalization with a large
number of hidden neurons (Huang

et al, 2011)

Easy to implement due to its simple
architecture and training process
(Huang et al., 2006)

Generalization
performance

Implementation simplicity

Handling nonlinearity Efficiently handles nonlinearity with
enough hidden neurons (Huang et al.,
2011)

High risk of overfitting with too many

hidden neurons (Huang et al., 2011)

Overfitting

Sensitive to the number of hidden
neurons and input weights
initialization (Huang et al., 2011)
Low computational complexity in
training phase (Huang et al., 2006)

Parameter sensitivity

Computational complexity

Moderate training speed; can be
optimized with various algorithms like
backpropagation (Rumelhart et al.,
1986)

Capable of capturing complex patterns
and relationships due to multiple
hidden layers (Bishop, 2007)

More complex due to multiple layers
and iterative training (Bishop, 2007)

Excellent at modeling highly nonlinear
relationships (Rumelhart et al., 1986)

Prone to overfitting if not properly
regularized (Bishop, 2007)

Highly sensitive to network
architecture, learning rate, and other
hyperparameters (Bishop, 2007)
Higher computational complexity due
to backpropagation and multiple layers
(Rumelhart et al., 1986)

Generally slower than ELM but can be
faster than MLPNN if the number of RBF
units is optimized (Broomhead and
Lowe, 1988)

Good generalization ability with proper
selection of centers and width of RBF
units (Moody and Darken, 1989)
Simpler than MLPNN but more
complex than ELM due to the need for
optimizing RBF units (Park and
Sandberg, 1991)

Effectively handles nonlinearity with
properly tuned RBF units (Moody and
Darken, 1989)

Can overfit if the number of RBF units is
too high or parameters are not properly
tuned (Goodfellow et al., 2014; Park
and Sandberg, 1991)

Sensitive to the selection of RBF centers
and the spread parameter (Moody and
Darken, 1989)

Moderate computational complexity,
can be high if many RBF units are used
(Broomhead and Lowe, 1988)

Zhang et al., 2023). In population phase segmentation, the algorithm
organizes the initial set of possible solutions (X) in a hierarchical
structure based on a parameter scale of 5 classes. The upper sec-
tion contains the current optimal solution, the “leader,” and the
two subsequent “elite” candidates. The algorithm uses leadership
characteristics in human society to direct the optimization pro-
cess, arranging solutions in ascending order from P1+1 to N-P1,
and listing them in ascending order (Zhang et al., 2023). The GO
algorithm's learning stage focuses on examining individual varia-
tions and their underlying causes, replicating four fundamental
variations. It aims to understand factors that differentiate in-
dividuals and the underlying causes of these disparities (Zhang
et al.,, 2023). In reflection stage, the reflection and learning com-
ponents of the GO algorithm collaborate, necessitating the
reevaluation of early insights and the resumption of systematic
learning when an issue remains unresolved (Gao et al., 2024;
Zhang et al., 2023).

3.3. The evaluation of forecasting errors and inaccuracies

Several widely used prediction-error statistical metrics are
calculated to determine the DCTI prediction performance of each
ML and HML model evaluated (Davoodi et al., 2023; Hosseini
et al, 2023). These errors are residual error (Err;, Eq. (4)),
average relative error (ARE, Eq. (5)), average absolute relative
error (AARE, Eq. (6)), root-mean-square error (RMSE, Eq. (7)),
coefficient of determination (R?, Eq. (8)), and standard deviation
of error (SD, Eq. (9)).

Erry=DCTly, — DCTIp, (4)
n
> RE;
_i=1
ARE="=T_ (5)
1| Emr
AARLT; Dcnmx' x 100 (6)

RMSE = (7)
n
> (Erry)?
R2=1-— =1 5 (8)
ZDCHm
s> | e, -
i=1
1
I ZErr,»
S| Errj ‘:11
i=1
SD= 9)

900

Where DCTI,, and DCTIp, represent the actual measured and pre-
dicted values of the dependent variable i, respectively, and [ rep-
resents the total number of data points in the dataset.

3.4. Development of HML models to predict DCTI

To achieve the best possible prediction performance with the
ML algorithms, it is essential to optimize two categories of ML-
control parameters. The first category pertains to the structural
parameters of the algorithms, which include specifying the num-
ber of hidden layers and/or the number of neurons within these
layers. The second category involves hyperparameters, including
weights and biases. Consequently, the integration of the ML al-
gorithms with the optimizers to configure the HML models in-
volves two stages of optimization. In the first step, the structural
parameters are optimized. In the second step, the optimization
algorithms are applied to fine-tune the weights and biases,
thereby enhancing the overall performance of the models.

For ELM, the first HML step is to determine the optimal number
of nodes in the single hidden layer. To do this, the ELM algorithm is



M. Al-Shargabi, S. Davoodi, D.A. Wood et al.

applied as a loop to the normalized training set with hidden-layer
nodes, ranging from 1 to 50, recording RMSE for each number of
nodes. The number of hidden-layer nodes with the lowest RMSE is
selected. The HML optimizer then focuses on the weights and
biases. Each node has weights that are influenced by the number of
input variables, and each node also requires a bias. The HML
optimizer fine-tunes the ELM weights and biases to once again
minimize the DCTI prediction error (RMSE) for the training data.
This two-step optimization process is depicted in Fig. 2a.

The first HML optimization stage for MLPNN determines the
number of hidden layers (between one and three). The PSO algo-
rithm determines the optimal number of neurons for each number
of possible hidden layers, recording the DCTI prediction error
(RMSE) for the training data. The model structure with the optimal
number of hidden layers and neurons is selected. The optimizer
then focuses on fine-tuning the weights and biases, as shown in
Fig. 2b. The optimized MLPNN model is then trained with the
training set, and the trained model is applied to predict the testing
set.

Fig. 3 illustrates the workflow used for optimizing RBFNN's
structure and hyperparameter values. The first optimization step
determines the number of neurons in the hidden layer. The k-
means clustering algorithm is used for this step, and the optimum
number of clusters it identifies with the training set is selected as
the hidden-layer number of neurons. In the second optimization
step, the centers of the optimum clusters and the weights applied
to the output layer are optimized. The optimized RBFNN model is
then trained with the training set, and the trained model is applied
to predict the testing set.

4. Results
4.1. Data exploration

Evaluation of the dataset's Pearson correlation coefficient ma-
trix (Fig. 4) is an essential step before creating ML predictive
models, as it helps uncover the relationships between various
features and the target variable. This examination offers deeper
insights into the data, revealing underlying patterns and connec-
tions that guide feature engineering and preprocessing. Addi-
tionally, it assists in identifying anomalies or unexpected
relationships in the data, leading to further investigation or
necessary data cleaning.

Fig. 4 reveals that most of the variables exhibit an inverse
relationship with DCTI, except for HL and ROP, which have a direct
linear effect. The ANG feature has the highest correlation coeffi-
cient with DCTI, whereas the FLo feature displays the lowest cor-
relation. While the correlation matrix reveals the linear
relationships within the dataset, several trends warrant further
discussion as they diverge from expectations of efficient drilling
operations. These divergences are not due to data artefacts but are
characteristic of the poor hole-cleaning conditions that this data-
set comprehensively captures. For instance, the negative correla-
tions between ROP and both WOB (-0.45) and RPM (—0.49) are
counter-intuitive for optimal drilling but are a classic signature
of dysfunction. During periods of cuttings accumulation, ROP de-
creases due to bit-balling and increased bottom-hole pressure. In
response, drillers often instinctively increase WOB and RPM as an
attempt to penetrate through the obstruction. This common
operational response results in a dataset where high WOB and
RPM are associated with low ROP. Similarly, the specific positive
and negative correlations between other parameters (e.g., HL vs.
WOB) are influenced by the wellbore geometry, friction, and the
downhole conditions being experienced. Therefore, the correlation
matrix reflects the complex, real-world interplay of parameters
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under a wide range of conditions, including severe dysfunction,
which is precisely what enables the ML model to learn to identify
and predict these inefficient states.

4.2. Dataset preprocessing

Outliers significantly impact the performance and reliability of
ML models by altering model parameters, leading to skewed out-
comes that don't accurately represent the data distribution. This
decreases the model's overall prediction performance and gener-
alization capabilities. Additionally, outliers can prolong training
time as algorithms may require more iterations to converge
(Davoodi et al., 2023). The relationship between drilling mechan-
ical specific energy (MSE) and ROP (Fig. 5) was analyzed to identify
data records relating to potential drilling problems. Generally, a
low ROP combined with high MSE is an indication of potential
issues in the drilling operation. In the raw dataset (Fig. 5a), several
data points exhibit low ROP coupled with high MSE. Considering
that the maximum confined compressive strength for the collected
wells was approximately 25,000 psi, 52 outlying data points were
identified and removed from the dataset (Fig. 5b).

To test the developed models on unseen data, a portion of the
collected data must be set aside as a testing data subset. This is
achieved by separating the filtered dataset (with outliers removed)
into training and testing sets, using a specific partition ratio.
Initially, 100 data records with a uniform distribution were
excluded from the collected data. Then, the remaining data were
divided into training and testing groups with five distinct partition
ratios (70:30, 75:25, 80:20, 85:15, and 90:10). The RBFNN algo-
rithm was used to predict DCTI with the different partition ratios,
testing each trained model with the 100 isolated data records.
Fig. 6 displays the RMSE for these DCTI predictions. As the quan-
tity of training data increases, the prediction errors generated by
the training set increase slightly, whereas the prediction error
generated by the trained models applied to the unseen testing
subset decreases from partitions of 70:30 to 75:25 and then re-
mains approximately constant. Based on these results, a dataset
partition ratio of 75% training: 25% testing was selected for
detailed analysis of all ML and HML models considered.

Data normalization was applied to ensure all input features
have equal influence in the analysis and modeling processes.
When data variables are expressed on varying scales, the variables
with larger scales can disproportionately affect the prediction re-
sults, leading to biased conclusions. In this study, data normali-
zation was performed by specifying the minimum (X,;,) and
maximum (Xmnax) values measured for each feature (Davoodi et al.,
2023). The values of each feature were then scaled between zero
and one using Eq. (10).

X - Xmin

Xrnax - Xmin

Xnorm = (10)

The NSGA-2 optimizer was combined with the MLPNN model
to select the features with the most significant impact on DCTI. The
MLPN structure used in this process consists of a three-layer
hidden structure with 4 neurons in each layer. Fig. 7 illustrates
the trend of RMSE and R? changes with the best set of selected
features for a specific number of inputs. It is apparent that an in-
crease in the number of input features up to seven reduces the
model error. The rate of error reduction is initially high as features
are added, but decreases as the number of inputs increases,
becoming imperceptible beyond 7 included variables. Therefore,
the DCTI predictive ML/HML models are developed with just seven
input variables. Table 3 presents the best set of selected features
for each specified number of inputs. Based on this analysis of the



M. Al-Shargabi, S. Davoodi, D.A. Wood et al.

I Data Normalization I

Petroleum Research 11 (2026) 895-911

!

Data Normalization

—

e

& S

-
§ ] - Optimize the number of hidden layer and
i~

‘E 'E | Optimize the number of nodes for ELM | neurons in each layer of MLPNN using PSO

<3 | |

ﬁ Define the number of decision variables Define the number of decision variables

based on optimized structure based on optimized number of nodes
|

& e RMSE __RMSE

ﬂ _P_ = S — e —

“w s Generate values of decision Build MLPNN model and Generate values of decision
- 8 Build ELM model and predict 7 = ! T

c £ the DCTI for training dataset variables using PSO/GO predict theincnfor training vanabiels u5|.n.g PS0/GO
8 — algorithm

o8 — — —

w 5 — —— — —
_‘:" ‘S Weights and biases Weights and biases
’_

I Introduce the optimal values of decision
variables

(@

| introduce the optimal values of decision
variables

(b)

Fig. 2. Flowcharts for the HML optimization sequence applied to: (a) ELM; and (b) MLPNN.

%

I Data Normalization |

Initialize the number of cluster (K), the best

Introduce the optimum
weights, centersand o
]

I

root mean square error (RMSE ) zero and The first stage of Run REFNN with the I

infinite, respectively abtimization duced weights, centers ' I

| P and o values I

I

k=k+1 | | RMSE), = RMSE,; | RMSE weights | Calculate o | i

T ry I

T 2 = Optimize the centersof k | "

F the target parameter utilizing the dlusters and of output I
desi| d ber of cluster: loyi Yes 2

ik layer using PSO/GO centers I

RBFNN. I

1

Compute the RMSEj, of prediction |-

The second stage
of optimization

Fig. 3. Flowchart for the HML optimization sequence applied to RBFNN.

error reduction, the input features ANG, ROP, FLin, Depth, Trq, SPP,
and RPM were selected for detailed DCTI modeling.

4.3. Tuning the standalone machine learning algorithms

The performance of ML and optimization algorithms is highly
dependent on the values assigned to their control parameters
(Davoodi et al., 2023). Therefore, to achieve a model with high
accuracy and generalization ability, it is necessary for the control
parameters of these algorithms to be adjusted according to the
problem conditions before they are used. This tuning process was
rigorously conducted on the designated training set (75% of the
total data). To mitigate the variability inherent in model initiali-
zation and to prevent overfitting, a 10-fold cross-validation strat-
egy was employed for robust evaluation and selection of the
optimal model structure. In this technique, the training data is
divided into ten equal subsets. The ML algorithm is executed ten
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times, with each iteration using one of the ten subsets for testing
and the remaining nine subsets for training. This ensures that each
subset is used for testing at least once, providing a robust evalu-
ation of the model's performance. The error value in this technique
is determined by averaging the results of the three runs with the
highest accuracy on the testing fold. In this subsection, the
structures of the ELM, MLPNN, and RBEN algorithms will be dis-
cussed. The PSO algorithm was used to adjust the structure of
these algorithms. Since the final prediction performance of models
obtained from ML algorithms depends on the initialization of their
hyperparameters during the training process. Hence, the predic-
tion performance of the resulting model can vary with each run.
Due to the presence of a single hidden layer in the ELM algo-
rithm, only the number of neurons in this hidden layer needs to be
determined. Consequently, only one decision variable is defined in
the PSO algorithm to specify the number of neurons in the single
hidden layer. The range for this decision variable was set between
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Fig. 5. Mechanical specific energy (MSE) versus rate of penetration (ROP) cross plots: (a) raw dataset and (b) dataset with outliers removed. Note the order of magnitude

horizontal scale difference between these two graphs.

1 and 50. Applying the PSO algorithm to optimize the number of
neurons in the ELM revealed that using 11 neurons in the single
hidden layer leads to high accuracy (RMSE on training
folds = 0.17925) with the training data. The activation function for
the hidden layer was selected as the sigmoid function after
empirical testing against alternatives (ReLU, sine), as it provided
the most stable convergence for this dataset. The output layer
employs a linear activation function. The model weights were
determined analytically using the Moore-Penrose generalized
inverse.

In the MLPN algorithm, it is necessary to determine both the
number of neurons in each hidden layer and the number of hidden
layers. Since a maximum of three hidden layers can effectively
address very complex and non-linear problems, a separate PSO
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algorithm was employed to determine the optimal number of
neurons for models with one, two, and three hidden layers. This
approach allows for the comparison of error values across the best
models obtained for each of these three configurations to select
the most appropriate structure. Fig. 8a illustrates the error
reduction over a series of iterations by the PSO algorithm using
training set. The MLPNN with two hidden layers, comprising 3
neurons in the first layer and 5 neurons in the second layer, yields
the lowest RMSE compared to models with one and three hidden
layers. The hyperbolic tangent (tanh) activation function was used
for all hidden layers, and the output layer utilized a linear activa-
tion function. The network was trained using the Levenberg-
Marquardt algorithm, chosen for its rapid convergence on
medium-sized datasets. To improve generalization and prevent
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Fig. 7. Comparison of RMSE and R? for the selected optimal input feature combina-
tions determined using the NSGA-II-MLPNN model.

overfitting, L2 regularization (weight decay) with a lambda value
of 0.0001 was incorporated into the training process. Furthermore,
early stopping was implemented with a patience of 10 epochs,
monitoring the validation loss from the 10-fold cross-validation.
The number of neurons in the RBFNN algorithm layer was
determined using an iteration loop set to 25. This analysis

Table 3
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identified eight neurons as the optimal configuration, which
resulted in the lowest DCTI prediction error (RMSE = 0.02529) for
the standalone model (Fig. 8b). The centers of the radial basis
functions were initialized using the k-means clustering algorithm
applied to the training data. The spread (width) parameter of the
Gaussian basis functions was set proportionally to the average
distance between the centers within each cluster. The weights
connecting the hidden layer to the linear output neuron were
calculated using a least-squares method.

4.4. Developing and evaluating the HML predictive models

By configuring the predictive algorithms with suitable param-
eters, they were subsequently deployed on the training data,
incorporating the seven selected input features. The evolution of
RMSE reduction through various iterations of the optimization
algorithms (Fig. 9) illustrates the fine-tuning of hyperparameters
during the training phase. Notably, convergence to an optimal
solution is evident across all algorithms by iteration 20. Never-
theless, except for the RBFNN-PSO algorithm, the remaining al-
gorithms become ensnared in local optima.

Fig.10 presents a cross-plot contrasting estimated and predicted
values of DCTI applying the ML and HML algorithms to the training
data. The ELM model predictions exhibit greater dispersion
compared to the ideal Y = X line, indicating subpar performance.
Conversely, HML models and the standalone RBFNN predictions
align closely with the Y = X line, suggesting lower error rates
relative to other models. The MLPNN model displays a distinct
trend, with poor alignment to the Y = X line, indicating a tendency
to underestimate higher DCTI values and slightly overestimate the
lower end of the DCTI range below values of ~0.5. Table 4 presents
an evaluation of both standalone and hybrid models using various
error criteria and the R%. HML models generate significantly lower
error values compared to those from standalone algorithms,
underscoring the efficacy of employing optimization algorithms to
refine hyperparameter values. Among the array of developed
models, it's evident that the ELM algorithm yields the highest error,
while the model derived from the RBFNN-PSO algorithm achieves
the lowest error, indicative of superior training performance in
minimizing discrepancies between predicted and actual values.

Fig. 11 illustrates the comparison between the estimated and
predicted DCTI values of each trained model applied to the testing
set. Notably, the dispersion of data points in the ELM model is
conspicuous, deviating noticeably from the ideal Y = X line. This
dispersion phenomenon, observed during the training phase,
persists in the test data, aligning with prior expectations. Of the
standalone ML models, the RBFNN model exhibits superior per-
formance. However, the HML models substantially outperform the
standalone ML models. Notably, the MLPNN model displays

RMSE and R? for DCTI predictions based on input feature combinations determined by the NSGA-II-MLPNN model. The best feature combination selected is

displayed in bold type.

No Selected feature(s) RMSE R?

1 ANG 1.5135 0.7188
2 ANG, ROP 0.5820 0.8021
3 ANG, ROP, FLin 0.2978 0.8533
4 ANG, ROP, FLin, Depth 0.2141 0.8938
5 ANG, ROP, FLin, Depth, Trq 0.1725 0.9381
6 ANG, ROP, FLin, Depth, Trq, SPP 0.1400 0.9733
7 ANG, ROP, FLin, Depth, Trq, SPP, RPM 0.0971 0.9937
8 ANG, ROP, FLin, Depth, Trq, SPP, RPM, HL 0.0964 0.9958
9 ANG, ROP, FLin, Depth, Trq, SPP, RPM, HL, BA 0.0956 0.9979
10 ANG, ROP, FLin, Depth, Trq, SPP, RPM, HL, BA, FLo 0.0954 0.9983
11 ANG, ROP, FLin, Depth, Trq, SPP, RPM, HL, BA, FLo, WOB 0.0950 0.9986
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Fig. 8. RMSE reduction in the optimization of the structure of (a) MLPNN with one to three hidden layers applying the PSO algorithm using training data and (b) RBFNN neurons in

the hidden layer.

substantial underestimation of higher DCTI values. Hence, caution
is advised when employing this model for predictions involving
elevated DCTI values. Table 5 compares ML and HML trained
models applied to the testing set in terms of five error criteria. The
superior prediction performance of the HML models is apparent.
ELM generates the poorest DCTI prediction performance, and
RBFNN-PSO generates the best DCTI prediction performance.

5. Discussion

Further insight into the prediction performances of the ML and
HML models can be gained from additional analysis.

5.1. Score analysis of the models

ML/HML prediction models can excel based on one perfor-
mance measure but underperform when assessed by others. To
address this inconsistency, a scoring system that integrates mul-
tiple performance metrics is used. For each metric, the model with
the best performance among all compared models receives the
highest score, while the model with the weakest performance is
assigned the lowest score. The maximum score is based on the
total number of models evaluated; therefore, the scores in this
study range from 1 to 9. These scores are calculated separately for
the predictions generated by the training and testing sets. An
overall score, representing the combined total of training and
testing scores, is provided to give a more comprehensive view of
each model's performance. Table 6 displays the ML and HML
models ranked (highest to lowest) according to their DCTI pre-
diction scores: RBFNN-PSO (highest performance) > RBFNN-
GO > MLPNN-PSO > ELM-PSO > MLPNN-GO > ELM-
GO > RBFNN > MLPNN > ELM (lowest performance). This ranking
is displayed as a radar diagram (Fig. 12).

5.2. Robustness analysis of the models

Robustness is a crucial aspect of ML models that influences their
reliability and applicability in real-world situations. According to
Zhang et al. (2021), a robust model should exhibit consistent per-
formance across diverse datasets, enabling reliable generalization
beyond the training data. This can be a challenge in noisy datasets
such as those generated during the drilling of wellbores. A robust
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Fig. 9. Error reduction in each iteration of the optimization algorithm in the training
phase of HML models configured to predict DCTI.

model is resistant to noise and outlying data points (2014). By
accurately distinguishing relevant patterns from irrelevant noise,
robust models enhance prediction performance and stability, which
is essential for making informed decisions in dynamic environments.

The reliability of the developed models was assessed by
introducing different levels of white noise to the input variable
distributions to gauge robustness in terms of R? values. Varying
levels of Gaussian white noise were generated by adjusting the
variance parameter “s" while maintaining a mean (p) of zero in Eq.
(11) governing the probability density function, Px(x).

(11)

Fig. 13 illustrates the robustness test results. As expected, a
decreasing trend of R? values is generated as noise levels increase.
However, the severity of that trend varies among the models.
Notably, the model developed with ELM exhibits a more pro-
nounced decline in R?* compared to other models, indicating its
lower robustness. Conversely, the RBFNN-GO and RBFNN-PSO
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Fig. 10. Cross plots illustrating the comparison between estimated and predicted DCTI
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Table 4
Comparison of prediction performance for standalone ML and HML models applied
to the DCTI training data subset.

Type Models ARE AARE RMSE R? SD

Standalone ELM 0.06972  0.24585 0.17863 0.84512 0.17864
MLPNN 0.03355 0.09156 0.09262 0.99695 0.09046
RBFNN 0.00828 0.01797 0.01340 0.99916 0.01326

Hybrid ELM-GO 0.00041  0.00481 0.00799 0.99969 0.00799
ELM-PSO 0.00009  0.00229 0.00738 0.99973 0.00738
MLPNN-GO  —-0.00242 0.00484 0.00305 0.99996 0.00288
MLPNN-PSO 0.00009  0.00255 0.00231 0.99997 0.00231
RBFNN-GO  0.00009  0.00128 0.00247 0.99997 0.00247

RBFNN-PSO  0.00002  0.00226 0.00133 0.99999 0.00133

models display a more gradual decrease in R?, indicating that they
are more robust. Up to a variance level of 0.35, these two models
exhibit a gentler decline in R* compared to higher variance levels,
suggesting a noise tolerance threshold of ~0.35.
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Fig. 11. Cross plots illustrating the comparison between estimated and predicted DCTI
using (a) ELM, (b) MLPNN, (c) RBENN, (d) ELM-GO, (e) ELM-PSO, (f) MLPNN-GO, (g)
MLPNN-PSO, (h) RBENN-GO, and (i) RBFNN-PSO trained models applied to the testing
data subset.

5.3. Monte Carlo simulation

To comprehensively evaluate the efficacy of the RBFNN-PSO
model, especially in the absence of extensive unseen data, a
Monte Carlo simulation was employed to generate a synthetic
dataset. The actual data distribution of each feature was accounted
for in the simulation process, using the minimum and maximum
values from the original training data. In generating the synthetic
dataset, not only were the individual distributions of each feature
considered, but also their joint distributions, including covariances
between input variables. This approach ensures that the re-
lationships and dependencies observed in the original dataset are
preserved in the simulated data, which is crucial for accurately
modeling non-linear distributions. Specifically, the covariance
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Table 5
Comparison of prediction performance of trained standalone and hybrid ML and
HML models applied to the DCTI testing data subset.

Type Models ARE AARE RMSE R? SD

Standalone ELM 0.05112  0.26442 0.20530 0.80953 0.20471
MLPNN 0.02957 0.10099 0.10746 0.99665 0.10380
RBFNN 0.00876  0.02123 0.01556 0.99892 0.01542

Hybrid ELM-GO 0.00104 0.01236 0.00825 0.99969 0.00825
ELM-PSO —0.00002 0.00381 0.00798 0.99971 0.00798
MLPNN-GO -0.00608 0.01126 0.00650 0.99983 0.00602
MLPNN-PSO 0.00042  0.00351 0.00638 0.99981 0.00638
RBFNN-GO  0.00033  0.00203 0.00378 0.99993 0.00378
RBFNN-PSO  —0.00033 0.00307 0.00344 0.99995 0.00344

matrix of the training data was calculated to capture the linear
relationships between pairs of input features. This matrix was then
used to generate multivariate normal distributions for synthetic
data. By doing so, it was ensured that the synthetic dataset not
only mimicked the marginal distributions of each feature but also
their covariances, thus preserving the statistical properties of the
original dataset. A full dataset with input features that followed
these analyzed distributions was generated by the Monte Carlo
simulation, maintaining both individual feature distributions and
their covariances. These simulated input records were then fed
into the best-performing RBFNN-PSO model to predict the DCTI
values. Fig. 14 illustrates the comparison between the distributions
of the estimated and predicted DCTI values generated by the
RBFNN-PSO model using input data distributions derived from the
Monte Carlo simulation. The histograms display a close resem-
blance between the two distributions, which indicates that the
model's predictions align closely with the statistical characteris-
tics of the synthetic data. This resemblance affirms the robustness
and generalization capabilities of the RBFNN-PSO model, as it
successfully captures the underlying data patterns observed in the
collected dataset.

5.4. Feature importance analysis

Examining the influence of each input feature on the perfor-
mance of the highest-scoring prediction model (RBFNN-PSO) can
establish its relative importance in determining DCTI predictions.
This is achieved by conducting a Shapley additive explanations
(SHAP) influence analysis of the RBFNN-PSO model's predictions.

Table 6
Model scores for specific criteria and total scores for training, testing, and overall
performance in predicting DCTI.

Models Subset ARE AARE RMSE R? SD Score Total score
ELM Train 3 1 1 2 1 8 14
Test 2 1 1 1 1 6
MLPNN Train 4 2 2 3 2 13 24
Test 3 2 2 2 2 11
RBFNN Train 5 3 3 4 3 18 34
Test 4 3 3 3 3 16
ELM-GO Train 7 5 4 5 4 25 47
Test 6 4 4 4 4 22
ELM-PSO Train 8 7 5 6 5 31 61
Test 9 6 5 5 5 30
MLPNN-GO Train 6 4 6 7 6 29 59
Test 5 5 6 7 7 30
MLPNN-PSO  Train 8 6 8 8 8 38 71
Test 7 7 7 6 6 33
RBFNN-GO Train 8 9 7 8 7 39 80
Test 8 9 8 8 8 41
RBFNN-PSO* Train 9 8 9 9 9 4 87
Test 8 8 9 9 9 43

2 The best performing model.
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Fig. 12. A radar diagram comparing the prediction performance scores for DCTI

prediction, showing the difference between the training and testing sets and the total
score achieved by both ML and HML models.

SHAP determines the impact of each data record on the overall
prediction performance of the model, quantifying those impacts in
positive and negative SHAP values (Fig. 15). The individual data
variable values distributions are depicted by a color scale
(red = high variable value; blue = low variable value) with the
positive and negative SHAP value magnitudes expressed on the
horizontal axis (Fig. 15a) The SHAP summary plot (Fig. 15b) dis-
plays the mean absolute SHAP values of each input data variable,
ranked in descending order, and identifies the overall relative
importance of each input feature. When the ANG variable has low
values (near vertical wellbore), its SHAP value is positive, whereas
at high ANG values (near horizontal wellbore), its SHAP value is
substantially negative (Fig. 15a). This contrasts with other input
features for the RBFNN-PSO model, where the SHAP values deviate
only slightly from either side of zero. The SHAP summary values
indicate that the ANG input variable has the most significant
impact on the RBFNN-PSO model's DCTI predictions, while the SPP
feature has the least influence (Fig. 15b).

The power of the SHAP analysis extends beyond static feature
importance to the real-time diagnosis of dysfunctional drilling
states. By examining the combination and magnitude of SHAP
values for a specific low DCTI prediction, the model can immedi-
ately flag the root cause of the inefficiency. For instance, a scenario
where a high ROP exerts a strong negative influence (large negative
SHAP value) while the FLin provides only a minimal positive
contribution would be a clear, quantifiable indicator of a dysfunc-
tional state where cuttings generation is drastically outpacing the
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Fig. 13. R? trends associated with the introduction of various noise levels to the input

variable distributions used to predict DCTI.
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Fig. 14. Histograms comparing the distributions of estimated and predicted DCTI
values derived by RBFNN-PSO from the data generated via Monte Carlo simulations.
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system's hole-cleaning capacity. Conversely, if the ANG is the
dominant negative contributor in a horizontal section, it highlights
the inherent geometric challenge, prompting proactive measures
rather than reactive parameter changes. This ability to deconstruct a
poor hole-cleaning condition into its constituent, weighted
parameter influences in real time is what transforms the model
from a simple alarm into a diagnostic decision-support system.

The SHAP analysis provides more than just model interpret-
ability; it unlocks the primary practical value of this work by
transforming the predictive surrogate model into a prescriptive
decision-support system. While the real-time prediction of a
declining DCTI value serves as a valuable alarm, the SHAP analysis
provides the diagnostic reason for the alarm, which is necessary
for implementing the most appropriate corrective action. By
examining the contribution of each feature for a specific low
prediction, a drilling operator can identify the root cause and
execute a targeted mitigation strategy in real time .

e Scenario 1: High ROP is the dominant negative contributor. This
indicates that cuttings are being generated faster than the hy-
draulic system can transport them. The prescribed action is to
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reduce the ROP to re-establish equilibrium between cuttings
generation and evacuation.

Scenario 2: Low FLin is the dominant negative contributor. This
indicates insufficient hydraulic energy for cuttings evacuation.
The action is to increase the pump FLin, provided the specified
operational limits (ECD, SPP) are not exceeded.

Scenario 3: High ANG is a strong contributor. This is a non-
controllable geometric factor. Its high influence serves as a con-
stant reminder of the inherent cleaning challenge in deviated
sections, prompting proactive measures like pumping high-
viscosity sweeps or increasing RPM to agitate cuttings beds
preemptively.

This level of interpretability demonstrates that the model has
learned physically meaningful relationships between controllable
drilling parameters and hole-cleaning efficiency. It provides a
data-driven rationale for interventions, moving beyond a simple
numerical prediction to offer specific, actionable guidance. The
SHAP analysis confirms that the model's value lies not merely in
replicating an empirical equation but in capturing the underlying
physics of the drilling process in a directly useable and opera-
tionally transformative way.

6. Conclusions

This study successfully developed robust hybridized machine
learning (HML) models to serve as a real-time surrogate for the
empirical drilling cuttings transport index (DCTI). By leveraging
only real-time, surface-recorded drilling data, the models over-
come the fundamental time-delay limitation associated with the
DCTI method's calculation, which requires laboratory-measured
fluid properties. The models effectively provide a real-time
diagnostic estimate of the DCTI, enabling immediate assessment
of hole-cleaning conditions. Optimizing extreme learning ma-
chine (ELM), multi-layer perceptron neural network (MLPNN),
and radial basis function neural networks (RBFNN) with either a
particle swarm optimizer (PSO) or growth optimizer (GO) leads to
effective HML models. Pre-processing identified and removed
outlier data from a 6818-data-point dataset (from three oil and
gas fields located in the Eastern Province of Saudi Arabia,
comprising five wells) compiled with real-time recorded vari-
ables during drilling operations drilling wells. The filtered data
points were divided into training and testing sets using a range of
separation ratios.

Predictor
=]
o
b1
g

0 005 04 045 02 025 03
Mean(|SHAP value|)

(b)

Fig. 15. SHAP analysis results for the RBFNN-PSO model's DCI predictions: (a) SHAP detailed input variable impact plot, and (b) SHAP summary plot of feature importance.
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Feature selection identified a subset of the available recorded
features based on their relative impacts on DCTI. Standalone ma-
chine learning (ML) and optimized HML algorithms were applied
to the training data. The trained models were then evaluated with
the testing set. Various prediction performance scoring metrics
were calculated for each model, applied to both the training and
testing data subsets. The best-performing model was then evalu-
ated with Monte Carlo simulation and Shapley additive explana-
tions (SHAP) influence analysis to assess its generalizability, the
relative importance of each input characteristic on the model's
output, and the marginal effect of each input feature. Crucially, the
SHAP analysis transforms the model from a predictive tool into a
prescriptive one, identifying the key drilling parameters influ-
encing HC in real time and enabling data-driven operational de-
cisions to prevent non-productive time. The results lead to the
following conclusions.

e Examining the relationship between mechanical specific energy
(MSE) and rate of penetration (ROP) identified 52 outlier data
points, which were removed to generate a filtered input dataset.

e A75% training and 25% testing data-partition split led to the best
DCTI prediction performance and strong model generalization.

e Applying the second version of the non-dominated sorting ge-
netic algorithm (NSGA-II) with MLPNN identified the most-
effective subset of input features (inclination angle (ANG), ROP,
flow rate (FLin), depth, torque (Trq), standpipe pressure (SPP), and
drill-string rotation (RPM)) in terms of DCTI influence.

e ELM sensitivity analysis identified 11 neurons in its hidden
layer to be most effective.

e PSO to determine the optimal structure of MLPNN to consist of
two hidden layers, consisting of 3 neurons in the first layer and
five neurons in the second layer.

« RBFNN Sensitivity analysis identified 25 neurons in its hidden
layer that generated the lowest error value (root mean square
error (RMSE) = 0.02529).

e The HML models outperformed the standalone ML algorithms,

as confirmed by “Score” analysis. This confirmed the value of

incorporating metaheuristic optimization algorithms.

ELM generated the poorest prediction performance training

(RMSE training = 0.17863; RMSE testing = 0.20530), whereas

RBFNN-PSO achieved the best prediction performance (RMSE

training = 0.00133; RMSE testing = 0.00344).

Noise-robustness analysis confirmed that RBFNN-PSO was

most resilient to noisy data inputs.

RBFNN-PSO was further evaluated with the dataset generated

by Monte Carlo simulation, demonstrating the ability of the

trained model to perform well with unseen data.

SHAP analysis applied to RBFNN-PSO revealed ANG as the most

influential feature and SPP as the least influential feature on

this high-performing model. This transforms the model from a

simple numerical surrogate into a diagnostic and prescriptive

tool, providing actionable insights for optimizing drilling pa-
rameters in real time.
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Abbreviations

AAPE Average Absolute Percentage Error

AFq, Modified Angle Factor

ANG Angle Inclinations

ANN Artificial Neural Networks

API American Petroleum Institute

BA Bit Aggressiveness Factor

CBH Cuttings-Bed Height

CCA Cutting Concentration in the Wellbore Annulus

CCAy Volumetric Cutting Concentration in the Wellbore
Annulus

Cdal Cutting Carrying Index

DCTI The Drilling Cutting's Transport Index

DF Drilling Fluid

DL Deep Learning

ELM Extreme Learning Machine

FL Fuzzy Logic

FLin (Drilling Fluid) Flow In

FLo (Drilling Fluid) Flow out

GA Genetic Algorithm

GO Growth Optimizer

GPM Flow Rate

HC Hole Cleaning

HL Hook load

HML Hybrid Machine Learning

k-NN k-Nearest Neighbor

LCm Modified Original Lifting Capacity

LSTM Long Short-Term Memory

MAPE Mean Average Percentage Error

ML Machine Learning

MLPNN  Multi-Layer Perceptron Neural Network

MLR Multiple Linear Regression

MSE Mechanical Specific Energy

NSGA-II  Non-Dominated Sorting Genetic Algorithm

PDC Polycrystalline Diamond Compact Drill Bit

PSO Particle Swarm Optimization

PV Plastic Viscosity

R? Coefficient of Determination

RBF Radial Basis Function

RFm Modified Average Rheology Factor

RMSE Root Mean Square Error

RNN Recurrent Neural Network
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ROP Rate of Penetration

RPM Revolutions Per Minute
RSS Rotary-Steerable System
SD Standard Deviation of Error
SHAP Shapley Additive Explanations
SPP Stand Pipe Pressure

SQL Structured Query Language
SVR Support Vector Regression
TI Transport Index

TR Transport Ratio

Trq Torque

WOB Weight on Bit

YP Yield Point

p! Lifting Coefficient
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