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Abstract

Sand production poses a major challenge in wells completed within sandstone reservoirs, despite their inherent benefits. It could
lead to erosion of surface and subsurface equipment, well plugging from sand grain deposition and accumulation, and potential
collapse of sections in horizontal wells, resulting in non-productive time, costly cleanup, and remedial or work-over operations.
Various researchers have proposed strategies and models to tackle sand production and its associated problems. While these
models have successfully predicted the onset of sand production, cavity stability, and rock collapse, they often struggle to
accurately forecast the sand production rate due to the complexity of influencing parameters and the difficulty in fully capturing
all reservoir and wellbore processes. Early prediction of sand production before drilling and field development is critical for
selecting appropriate equipment and mitigation strategies. A thorough evaluation of sanding potential based on key reservoir and
wellbore properties is essential to inform field development plans. In this study, a v-support vector classification (v-SVC) model
was used to classify sanding potential, achieving 100% accuracy on the training set and 87% on the test set. For wells identified
as having sanding potential, the sand occurrence was predicted using critical drawdown pressure estimated by a Random Forest
model, also with 97.65% training and 88.89% test accuracy. The expected volume of sand produced over time was then predicted
using an AdaBoost regression model with 99.51% training and 79.07% test accuracy. Together, these models form a predictive
pipeline for proactive sand control and management. Their effectiveness was validated using publicly available field data,
demonstrating strong predictive capability for real-world applications. The results indicate that these machine learning models
can support completion engineers in designing timely and effective sand management strategies, minimizing production losses
and operational risks.
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1. Introduction

Sand production in oil and gas wells is a common issue,
particularly in reservoirs with poorly consolidated sandstone.
This typically results from weak cementation during reservoir
formation. While sand production can enhance heavy oil
recovery by improving flow, it often causes significant chal-
lenges. These include formation damage, reduced reser-
voir-to-well flow, erosion of downhole and surface equipment,
wellbore instability, and costly workovers due to equipment
failure or sand accumulation, as shown in Figure 1.

Figure 1. Problems caused by sand production in oil and gas wells:
eroded sand limiting screen due to increased sand production rates

[1].

Accurately predicting sand production before drilling is
essential to minimize risks and optimize recovery. This re-
quires detailed analysis using well logs, lab tests, production
data, acoustic monitoring, and stress analysis. Although sev-
eral predictive models exist, many fail under specific condi-
tions due to simplifying assumptions. Sand production begins
when stress around the wellbore causes the formation to fail,
allowing sand grains to detach and move with reservoir fluids,
as shown in Figure 2. These particles must be transported at
high enough fluid velocities to prevent deposition in the
wellbore. Ultimately, sand production is influenced by res-
ervoir stress, production rates, fluid properties, and opera-
tional conditions.
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Figure 2. Sand production in a multi-phase well occurs when fluids
flowing through the wellbore carry disintegrated sand particles,
primarily due to the wellbore being located in a geologically weak or
unconsolidated formation.

An effective, efficient, and cost-effective method for
managing sand production is closely linked to the initial
occurrence of sand production and the rate of sand volume
produced. Traditionally, sand production has been linked to
consolidated, poorly consolidated, and unconsolidated sand
formations. Despite this, Abbasi et al. highlight the absence
of established guidelines for choosing a sand production
prevention approach. They also explored failure mecha-
nisms such as tensile, shear, cohesive, and pore collapse [2].
To establish guidelines, numerous mathematical models
have been developed and documented to predict sand failure
and estimate outcomes. Additionally, chemical-induced
failure can occur when cementing materials weaken due to
chemical reactions. Abbasi et al. seek to classify sand for-
mations prone to failure and production. Based on this clas-
sification, they suggest appropriate laboratory tests, math-
ematical modeling, and completion techniques [2, 3]. The
efficacy of their method was validated using Saudi sand-
stone reservoirs, though further studies beyond Saudi Arabia
are still needed. Palmer et al. introduced a new approach to
predict and control sand production, describing it in three
phases: onset, transient, and steady-state. They argued that
sanding begins as drawdown or depletion increases in a
sand-prone well (onset), followed by a short burst lasting
hours to months (transient), and eventually stabilizes at a
low level (1-100 pptb) in the steady-state phase but the there
approach is not without limitations as shown by the accuracy
of their model [4]. Tiab found that low-porosity clastic
formations have high rock strength and proposed porosity as
a qualitative indicator of rock strength for sand production
prediction. He suggested sand production is likely if the
product of two elastic parameters (GKb) falls below 8E11
psi2with shear modulus (G) and bulk modulus (Kb) derived
from acoustic and density log data [5]. Yi et al. noted the
availability of various numerical and analytical models for
predicting sand onset, which require extensive rock me-
chanics data often unavailable in field settings and involve
complex computations (e.g., finite element models) unsuit-
able for rapid decision-making [6]. They developed a simple
analytical model based on poro-elastoplasticity theory, as-
suming shear or tensile stress-induced sanding, using pa-
rameters like Biot's constant, Poisson's ratio, Uniaxial
Compression Strength (UCS), and in-situ stresses to calcu-
late critical drawdown pressure for a given reservoir pres-
sure [7, 8].

In addition to the challenge of sand production, there is also
the issue of sand control and management. Various authors
have proposed heuristics that can be leveraged to address this
problem. For example, Osisanya identified sand control as a
major challenge in oil and gas fields from recent clastic
sediments, particularly Pliocene and younger Tertiary for-
mations, where unconsolidated reservoirs often face sand
production issues [9]. Poor completion and production prac-
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tices in older formations can reduce rock strength and trigger
sand failure, with key factors including formation strength,
in-situ stress changes, and fluid production rate. Prediction
methods include production tests, well-log analysis, labora-
tory rock testing, and analogy, supported by case studies from
the Niger Delta, North Sea, and Gulf of Mexico, emphasizing
data like production test results, formation strength, elastic
constants, and log data. Adeyanju and Oyekunle developed a
coupled reservoir geomechanical model for the Niger Delta
under open-hole completion, based on mixture theory with
equations for solid matrix, fluidized solid, oil, water, and gas
phases, showing that flow rate, confining pressure, drawdown,
and fluid viscosity significantly affect sand production [10,
11]. Oyeneyin proposed a sand management solution for
subsea flow assurance, integrating sand prediction with risk
assessment of rock failure, noting that exceeding rock strength
with effective stresses leads to failure and sand production,
with time to failure, porosity, permeability, and geomechani-
cal properties as critical parameters [12]. Azadbakht et al.
modeled volumetric sand production in injector wells, attrib-
uting sanding to back-flow, cross-flow during shut-in, and
water-hammer pressure pulses, incorporating geomechanics
and physics-based criteria [13]. Christiana et al. analyzed a 3D
geomechanical model for the Greater Ughelli Depobelt, using
offset data to assess sanding conditions, rate, and volume,
advocating for tailored field development plans [14, 15].
Rahmati et al. argued that classical elastoplastic models and
failure criteria are inadequate for capturing discontinuous
localization phenomena, favoring data-driven approaches [16,
17].

As a result, there has been a shift towards leveraging da-
ta-driven techniques and machine learning to tackle this
problem [18]. Khamechi et al. used Artificial Intelligence to
predict sand onset via critical total drawdown (CTD), showing
reduced uncertainties [19]. Gharagheizi applied the Least
Squares Support Vector Machine (LSSVM) to identify sand
production conditions, a novel approach [20]. Nguyen lever-
aged classification techniques and data analysis for sand onset
prediction [21]. Despite these advances, their focus on limited
stages (per Palmer et al.,) suggests [3] AI’s potential in sand
management remains underexplored.

This study presents a comprehensive exploration of sand

69

occurrence, production, and control, addressing the inherent
limitations of traditional mathematical models that frequently
fall short due to their inability to fully capture the complex
physical processes occurring both subsurface and on the sur-
face. These shortcomings often lead to inaccuracies, compel-
ling companies to undertake costly workover operations to
rectify the errors stemming from imprecise predictions. To
tackle this challenge, the research harnesses the power of
data-driven techniques, aiming to enhance predictability and
provide a holistic understanding of sand production and con-
trol, which could contribute towards alleviating the signifi-
cant financial cost posed by unexpected sand production in
wellbores. The objectives of this research are intricately wo-
ven into its core purpose. First, it seeks to develop a sophis-
ticated data-driven model capable of accurately predicting
critical drawdown pressure, assessing sanding potential, and
estimating production rates with greater precision. Second,
the study is committed to validating the results of this model
through rigorous testing and analysis to ensure its reliability
and practical applicability. Finally, it endeavors to construct a
comprehensive decision matrix that will guide the selection
and implementation of an effective sand control scheme,
tailored to the predicted sand production rates, offering a
strategic tool for industry professionals.

2. Methodology

This study presents Artificial Intelligence in sand pro-
duction and control. This research aims to develop a da-
ta-driven model to help predict sanding occurrence, pro-
duction rate, and potential of wells in the field, which will
be used for control scheme selection. The methodology for
predicting sand production and determining appropriate
control measures in oil and gas wells involves a structured
workflow that integrates exploratory data analysis and
machine learning techniques. The process, illustrated in
Figure 3, is designed to assess the potential for sand pro-
duction, estimate the onset and quantity of sand production,
and select effective sand control strategies based on res-
ervoir and wellbore properties.
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Figure 3. Workflow for sand production prediction and control using machine learning models in this study

Exploratory Data Analysis (EDA): The process begins
with exploratory data analysis to identify and select
relevant features from reservoir and wellbore data that
influence sand production. This step involves analyzing
parameters such as rock mechanical properties, reser-
voir pressure, and wellbore conditions to ensure robust
input features for subsequent modeling. Feature selec-
tion is guided by statistical analysis and domain exper-
tise to enhance model accuracy and interpretability.

Machine Learning Classification for Sand Production
Potential: A machine learning classification model is
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3)

developed to determine whether a well is likely to
produce sand, framed as a binary classification problem
(Yes/No). The model uses reservoir and wellbore
properties as inputs to predict the likelihood of sand
production. The output of this model directs the work-
flow: if no sand production is predicted, no sand control
measures are required, and the process terminates; if
sand production is likely, further analysis is conducted.
Prediction of Critical Total Drawdown Pressure: For
well identified as having sand production potential, the
critical drawdown pressure (CTP) is predicted to esti-
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mate the onset of sand production. CTP represents the
pressure differential at which sand production begins.
This prediction is based on a combination of reservoir
properties and well operating conditions. The magni-
tude of the CTP determines the urgency and type of
sand control required.

Decision on Sand Control Strategy: The predicted CTP
is evaluated to determine if it is low. A low CTP indi-
cates that sand production is unlikely to occur in the
near term unless the wellbore pressure drops rapidly. In
such cases, simple sand control mechanisms, such as
separation, sand monitoring, or basic screens, are im-
plemented. If CTP is high, indicating an earlier onset of
sand production, further analysis is required to quantify
the amount of sand produced.

Machine Learning Regression for Sand Quantity Esti-
mation: For wells with a high CTP, a machine learning
regression model is developed to estimate the volume of
sand production. This model uses reservoir and well-
bore properties to predict the expected sand quantity,
providing critical information for selecting an effective
sand control method [22-24]. The regression model
accounts for variations in production conditions to en-
sure accurate quantification.

Selection of Sand Control Measures: Based on the es-
timated sand production volume, a final decision is

4)

5)

6)

made regarding the sand control strategy. If the pre-
dicted sand production is low, a standalone screen is
deemed sufficient to manage sand influx. However, if
the sand production is significant, more robust
measures, such as gravel packs or combined screen
systems, are recommended to ensure long-term well
integrity and operational efficiency.

This methodology leverages machine learning to provide a
data-driven approach to sand production management. By
integrating classification and regression models with reservoir
and wellbore data, the workflow enables precise prediction of
sand production risks and informed selection of control
measures, optimizing well performance and minimizing op-
erational challenges.

2.1. Data Analysis

Data analysis alongside machine learning has become an
integral part of modern scientific methodology, offering fast
automated procedures for predicting a physical phenomenon
based on past observations, elucidating underlying patterns in
data, and providing insights about the problem. Data analysis
will be conducted on field data to select appropriate features
to tackle sand production. The steps that will be carried out
in this study are shown in Figure 4.

Data PrEprDGESSingH Clean and format data ]—»l Feature Analysis H Correlation analysis ]—:[ Feature selection ]

| Data Splitting H Train-test split J—»l Model Training H Train on features ]—»l Model Evaluation |

[ Performance metrics ]

Figure 4. Workflow for data processing, feature analysis, followed by dataset splitting, model training, and evaluation.

2.2. Sand Potential, Onset, Production
Prediction, and Management Scheme

Before a suitable control method can be determined, it is
essential to assess whether a given well is likely to produce
sand. This assessment, known as sanding potential, depends
on key reservoir and wellbore properties. To evaluate this, we
employed a Nu-vector classification model. If a well is de-
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termined to have sanding potential, the next step is to predict
when sand production will begin, a factor known as sand
occurrence. A reliable indicator of this is the critical draw-
down pressure, beyond which sanding occurs. This parameter
is predicted using a Random Forest model. Additionally, the
quantity of sand expected to be produced over time is esti-
mated using an AdaBoost model. Together, these models form
a predictive pipeline, and their respective outputs can be used
to guide the selection of appropriate sand control and man-
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agement strategies. Details about the different algorithms and
reasons for the choices are provided in the sections below. In
this study, a deliberate choice was made not to perform an
extensive comparison of multiple machine learning algo-
rithms for each predictive task. While the selection of ma-
chine learning models can often be guided by the volume of
data, the nature of the problem, and computational consider-
ations, prior research has shown that many standard algo-
rithms when appropriately tuned often exhibit comparable
performance on structured, tabular datasets such as those used
in this work [25, 26].

Consequently, representative algorithms were selected for
each task based on their robustness, interpretability, and
proven applicability in similar engineering and geoscientific
contexts:

1) Nu-Support Vector Classification (Nu-SVC) was em-
ployed for sanding conditions classification due to its
ability to handle non-linear boundaries and imbalanced
data effectively.

2) AdaBoost and Random Forest were used for regression
tasks related to sand onset and production rate prediction,
both  known for their high performance on
small-to-medium structured datasets and resilience to
overfitting.

The primary objective of this work is not to benchmark
algorithms, but to demonstrate the feasibility and practical
value of integrating machine learning into sand prediction
and control workflows. Thus, the focus was placed on de-
veloping a functional, explainable pipeline rather than ex-
ploring marginal improvements through exhaustive model
comparisons.

2.2.1. Nu-Support Vector Classification for Sanding
Potential

Support Vector Machines (SVM) is a supervised learning
technique that may be applied to classification and regression
issues. The support vector classifier (SVC) is an SVM-based
classifier. The nu-support vector classifier (Nu-SVC), sug-
gested by Schdkopf et al is similar to the SVC but has the
added benefit of having a nu parameter to regulate the num-
ber of support vectors. Nu-Support vector classification finds
the separating hyperplane that splits the vector space into a
subset of vectors; each separated subset (so-called data set) is
assigned to one class [27] (See Figure 5). This model is used
to determine the tendency of producing sand from a wellbore
based on reservoir and wellbore properties.
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Figure 5. Classification of data using a vector plane in support
vector machines [28].
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2.2.2. Onset Sand Production Prediction Using
Random Forest Regression Machine Learning
Model

Random Forest Regression is a supervised learning tech-
nique that employs an ensemble approach known as Bootstrap
and Aggregation, or bagging. This method can address both
regression and classification problems by leveraging multiple
decision trees. Through ensemble learning, predictions from
various machine learning models are integrated to yield more
accurate results compared to a single model. The core com-
ponents of Random Forest include diverse decision trees, each
built from sample datasets created by randomly sampling
rows and features from the original data. Unlike relying on
individual decision trees for regression, the approach com-
bines the outputs of numerous trees to determine the final
prediction. This model is highly effective and accurate for
tackling various problems, including those with nonlinear
relationships, generally producing strong outcomes.

The structure of a Random Forest is depicted in the diagram
above. The trees' parallel alignment and lack of interaction are
apparent. During training, a Random Forest builds many
decision trees and outputs the classes' mean as the prediction
of all the trees. The model's hyperparameters will be tweaked
to produce precise and highly effective outcomes. This algo-
rithm will be used to predict the critical drawdown pressure,
which tells us about the safe regime at which a well would
produce oil and gas without any sand, If the drawdown pres-
sure of the well is above the critical drawdown pressure, then
sand is expected to be produced alongside the oil, as shown
in Figure 6.
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Figure 7. Sanding Onset determination plot using Critical drawdown pressure [29].

2.2.3. Adaboost Regressor for Sand Production Rate
Prediction

The AdaBoost (adaptive boosting) method was the first
effective implementation of the concept. Boosting is a type
of ensemble machine learning technique that involves ag-
gregating the predictions from multiple weak learners. Very
brief (one-level) decision trees are added sequentially to the
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ensemble as weak learners in the AdaBoost method. The
predictions provided by the model that came before it in the
sequence are corrected by the model that comes after it. To
accomplish this, the training dataset is weighted to place
more emphasis on training cases for which previous models
made incorrect predictions. The sand production rate will be
predicted using this algorithm.
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3. Results and Discussion

3.1. Field Data and Analysis

For modelling, a set of data from 31 Northern Adriatic Ba-
sin wells reported by Moricca et al. was employed [30]. Ge-
ographically, the former Yugoslav republics, Albania, and
Italy all border the Adriatic Sea. According to Moricca et al.,
this region's northern and central parts make up a single ge-
ological formation known as the Northern Adriatic Basin [30].
The Northern Adriatic Basin is Italy's primary natural gas
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supplier. The following information was discovered through
comprehensive experimental examinations on core samples
and drilled cuttings in several fields of the Northern Adriatic
Basin. The porosity of the producing formation ranges from
10 to 40%, and it has a very low permeability between 10 and
100 mD. The vertical column's lithology comprises sand and
shale changes, while uncemented clays are present in the
formation that produces. The average cohesive strength is 19
kg/cm2. Figure 8 shows the fields in the Northern Adriatic
Basin and the location where the wells are situated.

’

Figure 8. Northern Adriatic Basin showing the field region considered in this study. [31].

A comprehensive data analysis was conducted to evaluate
the influence of various reservoir and operational parameters
on the sanding behavior of wells. The results, presented in
Figures 9 to 12, illustrate the relationships between selected
features and sanding conditions. The nomenclature used in
the analysis includes BHSP (bottom hole static pressure,
kg/cm%, BHFP (bottom hole flowing pressure, kg/cm=
COH (cohesive strength of the formation, kg/cm¥ EOVS
(effective overburden stress, kg/cm%, Qg (gas production
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rate, thousand standard m3day), Qw (water production rate,
liters/day), TT (transmit time, microseconds/foot), TVD (true
vertical depth, meters), SPF (shots per foot), PERF INT
(thickness of the perforation interval, meters), CTD (critical
total drawdown pressure, kg/cm=, Sl (sand indicator), and
SR (sand production rate). This analysis offers insight into
the relative importance of these parameters and how they
influence sand production tendencies across different well
conditions.
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Figure 9. The plot of the COH of the formation against Qw, TT, LGR, and EOVS.

The plot of the COH of the formation against Qw, TT,  values for COH for these different plots remains constant
LGR, and EOVS shows that most of the wells with no sand  between 17 and 37. This shows that excessive water produc-
production are those with lower depth, lower quantity of Qw,  tion from a well could indicate sand production in the long
TT, LGR, and EOVS between 400 and 600. The range of  run.

< sl
. : .® ® SAND
¢ e NO SAND

-

...

L T I T
.
.
.

. »

don Satn ag e

2000 4000 100 125 150 0 30 100 200 400 600 800 0 200 400
Qw T LGR EOVS CTD

Figure 10. The plot of the TVD of the formation against Qw, TT, LGR, EOVS, and CTD.

The plot of the TVD of the formation against Qw, TT, between TVD and EOVS and the plot between TVD and
LGR, EOVS, and CTD shows that most of the wells withno ~ CTD show a linear positive relationship, while the plot of
sand production are those with lower depth, lower quantity =~ TVD and TT shows a negative linear relationship.
of Qw, TT, LGR, and EOVS between 400 and 600. The plot
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Figure 11. The plot of the Qw of the formation against TVD, TT, LGR, EOVS, and CTD.

The plot of the Qw of the formation against TVD, TT, Only correlations between input and output variables were
LGR, EOVS, and CTD shows that wells with no sand pro-  assessed, as input-input or output-output dependencies were
duction have low TT in the range of 0 to 110, while the plot  outside the scope. A Pearson coefficient near +1 or 1 indicates
of CTD just shows a distribution of values without any clear  a strong linear relationship, while values close to zero suggest
correlation with the sand indicator. no linear association. However, even significant p-values can

In the bivariate analysis, correlation methods, specifically ~ occur with near-zero correlation coefficients, possibly indi-
Pearson’s product-moment and Spearman’s rank, were used to ~ cating a non-linear relationship. In such cases, Spearman’s
evaluate the strength and direction of relationships between  rank was used as an alternative. Significant correlations (p <
continuous variables [32]. Statistical significance was deter-  0.05) were prioritized for interpreting the data [34]. Figure 12
mined using p-values, where values below 0.05 indicated a  displays a heatmap visualising the attributes' correlation co-
rejection of the null hypothesis that no correlation exists [33].  efficient.
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Figure 12. Heat map showing the correlation between features.

With the output on the y-axis and input on the x-axis, the
heat map shows that the highest negative correlation of -0.7
is between Transit time (output) and True vertical depth (in-
put) and the highest positive correlation of 0.8 is between
Cohesive strength of formation (output) and True vertical
depth (input).

3.2. Nu-Support Vector Classification for
Sanding Classification

The v-support vector classification (v-SVC) algorithm
demonstrated strong performance in predicting sanding con-
ditions in this study, providing both accurate predictions and
interpretable insights into the well’s state. The dataset was
split into training (80%) and testing (20%) subsets, with
stratification applied to maintain the original class distribu-
tion in both sets, ensuring balanced representation of sanding
conditions. Features used in building this model are: TVD,
DTC, COH, Qg, Qw, TDD, and EOVS. Hyperparameter
tuning was conducted using grid search over parameters in-
cluding the v value, kernel type, and gamma coefficient.
During model development, five-fold cross-validation was
employed on the training data to enhance robustness and
prevent overfitting by validating model performance across
multiple folds. Model effectiveness was evaluated primarily
through the confusion matrix, which compares actual versus
predicted classes, allowing detailed assessment of classifica-
tion accuracy, sensitivity, specificity, and error types. This
rigorous process produced a reliable v-SVC model capable of
effectively distinguishing sanding conditions. A binary clas-
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sification model can be evaluated by extracting several pa-
rameters from this matrix, such as true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN).
The model's effectiveness was determined by its accuracy
(ACC), sensitivity (SE), and specificity (SP).
1) The accuracy (AC) metric assesses and shows the pro-
portion of correctly allocated/ predicted sand produc-
tion cases.

TP+TN

ACC= ——18
cc TP+FN+TN+FP

2) The Sensitivity (SE) is the rate at which the model cor-
rectly classifies an observed sanding potential in a well.

TP
~ TP+FN

3) The Specificity (SP) is the fraction of the correctly
classified cases from the population of predictions of
sand production.

TN
TN+FP

ACC =

False positives (FP) are the number of mistakes made
when forecasting a case to be "sanding” when field observa-
tions are "no sanding"; false negatives (FN) are the number
of mistakes made when predicting a case to be "no sanding"
when field observations are "sanding". The terms "TP" and
"TN" stand for, respectively, "true positive” and "true nega-
tive." By assessing the ACC, SE, and SP, the suggested mod-
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el's final performance was assessed.
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Figure 13. Performance of model prediction in sand occurrence
using cross-validation with different numbers of folds.

The five-fold cross-validation accuracy scores illustrate the
performance of a machine learning model across five distinct
folds as part of a cross-validation process. The average
cross-validation score is 0.88, with a standard deviation of
0.16 and test accuracy of 0.57. The x-axis represents the fold
number, ranging from 1 to 5, while the y-axis measures the
accuracy scores, scaled from 0.0 to 1.0, with 1.0 indicating
perfect predictive accuracy. Each bar corresponds to the ac-
curacy achieved by the model on a specific fold, offering
insights into its consistency and robustness. The chart
demonstrates that the model exhibits a generally high level of
accuracy across all five folds, with scores predominantly
falling between 0.6 and 1.0. Fold 1 achieves the lowest ac-

curacy, approximately 0.6, suggesting some difficulty in
generalizing to this data subset. In contrast, folds 2, 4, and 5
show significantly higher accuracies, each nearing or ex-
ceeding 1.0, indicating strong performance on these partitions.
Fold 3 records an intermediate accuracy of around 0.8, re-
flecting a moderate but still reliable outcome. Overall, the
5-fold cross-validation results suggest a model with com-
mendable average accuracy, likely approaching 0.8 or higher,
given the distribution of scores. The variation across folds,
particularly the lower performance in fold 1, underscores the
value of cross-validation in identifying potential weaknesses
in model generalization in predicting sand occurrence.

Confusion Matrix

No Sand 1 1

True Label

Sand 0

No Sand

Sand

Predicted Label

Figure 14. Confusion matrix of average performance across five
folds of training.

Table 1. Statistical classification results for the Nu-Support Vector model Classification Model.

TN TP FN
Training Data 18 6 0
Test Data 5 1 1

The results obtained from the validation of this model
show that it can be trained further and deployed in an appli-
cation.

3.3. Random Forest Model for Critical
Drawdown Pressure

The results from the data analysis significantly improved
the effectiveness and ease of feature selection. Key features
for predicting critical bottom-hole pressure included True
Vertical Depth (TVD), Cohesion (COH), Total Thickness
(TT), Bottom-Hole Static Pressure (BHSP), Total Depth
(TD), Estimated Overburden \ertical Stress (EOVS), and

7

FP SP SE ACC
0 1 1 1
1 0.5 1 0.857

Lithology Group Rating (LGR). A Random Forest Regres-
sion algorithm was employed to develop a machine learning
model for predicting sanding onset in wells. This ensemble
method, based on bagging, constructs multiple decision trees
with randomized feature selection, producing an uncorrelated
forest of trees and enhancing prediction accuracy. Model
performance was evaluated using the Chi-square statistic and
Root Mean Square Error (RMSE). The dataset was split into
80% for training and 20% for testing. Hyperparameters were
tuned to optimize model performance.
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Figure 15. Comparison plot for the random forest model.

The model developed using Random Forest Regressor
matches with the actual critical drawdown of the wells tested
with an accuracy of 97.65% for the train set, 88.89% for the
test data and 95.10% for the combined data set, as shown in
Table 2.

Table 2. Random forest critical draw-down pressure model results.

Model Validation All Train Test
R2 Score 95.10% 97.65% 88.89%
Mean Absolute Error 17.09 11.12 30.73

3.4. Sand Production Rate Prediction

The AdaBoost regressor, a meta-estimator that begins by
fitting a regressor on the original dataset and then fits addi-
tional regressors on the same dataset, with the weights of
instances being adjusted by the error of the current prediction,
is used in our novel method for forecasting the rate of sand
production [35]. The features of this model are the logarithm
of gas-liquid ratio, water cut, and Reynolds number. The
R-score, mean absolute error, and comparison plot are used

to evaluate the performance of this model. The dataset was
split into 80% for training and 20% for testing. Hyperparam-
eters were tuned to optimize model performance.

Feature Importance Analysis

0.0 01 0.2 0.3 0.4 05 0.6
Feature Importance

Figure 16. Feature Importance plot.

The feature importance plot shows that the most im-
portant factor in the determination of sand production rate
is the Reynolds number, which is a function of the oil
production rate, viscosity, and density.
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Figure 17. Comparison of actual and predicted sand production rate
plot.

Table 3. Sand production rate model validation table.

Model Validation All
R2 Score 89.31%
Mean Absolute Error 5.66

The model matches generally with the observed sand pro-
duction with an accuracy of 99.51%, 79.07% and 89.31% for
train, test, and all the data sets, respectively. This production
rate can be used to evaluate the mass of sand expected during
production, which is a major criterion in selecting an adequate
control scheme.

train test
99.51% 79.07%
0.81 14.40

3.5. Control Strategy

Over 70% of the world's oil and gas fields have sand
management problems, which have been acknowledged as
one of the major problems throughout field development.
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Sand management involves striking a balance between the
risks associated with creating sand at the surface and the
risks associated with trying to keep it down in the reservoir
(risks related to the environment, safety, process, and cost).
Sometimes the choices are not obvious or simple to carry
through. Risk management requires accurate analysis of the
"Sand Life Cycle," which begins with forecasting formation
conditions favourable to sanding and ends with final surface

disposal of the created material [36-38]. Table 4 shows the
limitations of different methods used for sand control; hence,
a particular control scheme can be chosen based on the pre-
dicted/expected sand occurrence, conditions, production rate,
and mass predicted using the models developed. Selection is
mainly based on limitations of the control scheme and eco-
nomic analysis.

Table 4. A review of different sand prevention methods [36].

Control Method

Chemical consolidation

Screens, slotted liners, special filters

Inside-casing gravel packing

Open-hole gravel packing

Propped fracturing (Frac-pack, Stress-Frac, resin-coated sand)

Selective perforating

Oriented perforating

Production rate control

79

Major Limitations

- Some permeability reduction
- Placement and reliability issues
- Applicable only to short intervals

- Lack of zonal isolation

- High placement and workover costs
- Longevity of devices

- Plugging & screen collapse

- Screen erosion

- Potential damage during installation

- Productivity index (PI) reduction

- Difficult placement and workovers
- High installation cost

- Positive skin development

- PI reduction
- Operational complexity
- Requires extensive under-reaming in most cases

- High installation costs

- Challenges in permeability recovery

- Risk of tip screen-out during installation

- Directional control and tortuosity in inclined wells
- Fracture containment control

- Proppant flow-back during production

- Less effective in homogeneous formations
- Requires formation strength data
- Reduces inflow area

- Requires full stress mapping

- Needs theoretical analysis

- Demands perforation tool orientation
- Limited field validation

- Erosion of surface facilities

- Continuous sand monitoring required

- Requires separation and disposal facilities
- Potential production loss
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Figure 18. Sand control scheme flow chart [39].

Upon leveraging the predictive capabilities of the devel-
oped model to forecast both the likelihood and magnitude of
sand production, these projections are then cross-referenced
with a meticulously designed decision matrix, as illustrated
in Figure 18. This matrix serves as a strategic guide, inte-
grating critical parameters such as formation characteristics,
wellbore conditions, and economic factors to recommend the
most efficacious sand control methodology. For instance, in
scenarios where the model indicates a low probability of
sand production, the matrix may advocate for less invasive
techniques such as sand screens or slotted liners, thereby
preserving well productivity while minimizing intervention
costs. Conversely, for wells predicted to experience signifi-
cant sand influx, more robust interventions like gravel pack-
ing or frac-packing are suggested to ensure long-term stabil-
ity and optimal hydrocarbon recovery. By adhering to the
heuristics encapsulated in Figure 18 in line with Figure 3,
operators can make informed, data-driven decisions that
balance technical feasibility with economic prudence, ulti-
mately enhancing the overall efficiency and sustainability of
oil well operations. Different sand control systems have spe-
cific limits on the sand production rates they can handle (the
amount of sand expected can be obtained using the AdaBoost
Model). Accurately identifying the onset of sand production
using the Random Forest model helps engineers determine
when sanding is likely to begin, enabling them to assess
whether a short-term, cost-effective control mechanism is
sufficient or if a more expensive, long-term solution is re-
quired once it has been established that sand would be pro-
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duced in the field using the Nu-SVC model.

3.7. Advantages and Disadvantages of Study

3.7.1. Advantages of Study

The output of various fields has been impacted by the
problem, which has also decreased the hydrocarbon supply.
This paper offers practical and useful methods for predicting
sand production that should be incorporated into other appli-
cations, saving producing businesses a large amount of money
and time on workover operations.

3.7.2. Limitations of the Study

Training this model with more data sets to further increase

its performance is necessary.
Summary and Conclusions

Sand control in generated reservoir formations has been
the subject of numerous experimental and numerical research
projects. The continuum hypothesis, or the discrete element
model, is the foundation for most established models. While
some models can analyze the sanding-causing variables, oth-
ers can forecast volumetric behavior. To give a thorough
knowledge of the reservoir and well conditions that would
deliver the highest sustained healthy productivity, it is vital
to identify the critical drawdown pressure and conditions at
which sanding occurs. The Random Forest Regression model
for Critical drawdown pressure and the Nu-Vector classifica-
tion model were developed to better forecast the circum-
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stances under which sand is produced. However, no one sand
control strategy can be used for all unconsolidated reservoir
types. Applying a new sand control technology will increase
our understanding of sand management techniques and help
us choose the best match for a particular reservoir state. The
model was built and tested using data collected from 31
Northern Adriatic Basin wells. The models developed gave
an outstanding prediction, and the following conclusion can
be drawn based on analysis and studies carried out in this
work, which can be used according to the control strategy
provided for sand control decision-making. As reservoir
pressure declines, the permissible drawdown for sand-free
production narrows, necessitating dynamic control adjust-
ments. Regression analysis confirms a statistically significant
correlation between critical total drawdown (CTD) and key
parameters, including total vertical depth, effective overbur-
den wvertical stress, transit time, and cohesive strength,
strengthening the predictive framework. The Random Forest
Regressor model achieves impressive accuracy, matching
actual critical drawdown values at 97.65% for the training set,
88.89% for the test set, and 95.10% for the combined dataset.
The AdaBoost model for sand production rate similarly ex-
cels, with an accuracy of 99.51% for the training set, 79.07%
for the test set, and 89.31% for the full dataset, demonstrat-
ing robust performance. Through meticulous data analysis,
the study uncovers significant correlations and relationships
among sand occurrence, production, and condition prediction
features, bolstering model reliability. It also highlights that
shear failure across the reservoir due to depletion may lead to
unexpected sand production at lower drawdowns than antic-
ipated in initially cemented rock, emphasizing the need for
vigilant monitoring. The proposed framework shows great
promise for practical application, with evidence suggesting
its efficacy in predicting sand production onset in diverse
field scenarios. Future work will focus on harnessing opti-
mization techniques potentially to minimize the cost of sand
control methods or to implement a sand control approach that
permits controlled sand production in exchange for enhanced
hydrocarbon output while integrating additional machine
learning models. This effort would establish a closed-loop
system capable of delivering more accurate predictions and
enabling automated, precise decision-making.

Abbreviations

BHSP Bottom Hole Static Pressure (Kg/cm?)

BHFP Bottom Hole Flowing Pressure (Kg/cm?)

COH Cohesive Strength of the Formation
(Kg/em?)

EOVS Effective Overburden Stress (Kg/cm?)

Qg Gas Production Rate (K standard m3/day)

Qw Water Production Rate (litre/day)

TT Transmit Time (microsecond/ft)

TVD True Vertical Depth (meter)

SPF Shot Per Foot
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PERF INT Thickness of Perforation Interval (meter)

DTC (us/ft) Delta Time Compressional

MSE Mean Squared Error

TP Number of Correct Predictions that an
Instance is Positive

TN Number of Correct Predictions that an
Instance is Negative

FP Number of Incorrect Predictions that an
Instance is Positive

FN Number of Incorrect Predictions that an
Instance is Negative

ACC Accuracy

SE Sensitivity

SP Specificity
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