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Abstract

Sand production causes many problems in the petroleum industry. The sand production is predicted to control it in the early
stages. Therefore, accurate prediction of sand production has been considered substantial in achieving successful sand control.
Critical total drawdown (CTD) can indicate the sand production. The main drawback of the previous studies in predicting
CTD is their lack of accuracy. Thus, this study aims to develop an accurate CTD estimation prediction model employing a
trend analysis and adaptive neuro-fuzzy inference system (ANFIS). The method is chosen because of its higher performance;
the model is built based on 23 published datasets from the Adriatic Sea. The developed ANFIS model is evaluated using
various methods, namely, trend analyses. Trend analyses are conducted to show the effects of the features on the CTD to
present the physical behavior. The model’s performance was also evaluated using statistical error analyses. In addition, the
ANFIS and previously published models were assessed. The trend analyses show the correct relationship between all features
and the CTD. In addition, the trend analyses for the previous models are discussed. The results show that the proposed ANFIS
method outperforms published methods with an R of 0.9984 and an absolute average percentage relative error (AAPRE) of
4.293%.

Keywords Sand control - Machine learning - Adaptive neuro-fuzzy inference system technique - ANFIS - Artificial
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Abbreviations CTD Critical total drawdown
TD Total drawdown
ANFIS Adaptive neuro-fuzzy inference system TVD Total vertical depth
TT Transit time
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GA-MLR  Genetic algorithm-evolved multiple linear
regression

FL Fuzzy logic

APRE Average percent relative error

AAPRE Average absolute percent relative error

RMSE Root-mean-square error

SD Standard deviation

MPa Megapascal (pressure unit)

R Correlation coefficient

Ernax. Maximum absolute percent relative error

Enin. Minimum absolute percent relative error

MMP Minimum miscibility pressure

Pb Reservoir bubble-point pressure

TrndAnal  Trend analysis

PhyBhvr Physical behavior

WS Microsecond

SEA Statistical error analyses

1 Introduction

Sand production creates many economic and technical issues
during production from hydrocarbon reservoirs, and as such,
itis a topic of high interest in the petroleum industry. The sand
in the flow stream can erode the tubings, valves, and other
production facilities, to mention a few. Frequent breakdowns
and routine maintenance thus add to the cost due to the lost
production time and the hardware cost. It is often a complex
problem that needs customization based on the reservoir type
(1].

Sand production happens when formation stress exceeds
its strength, causing rock failure due to tectonic activities,
overburden pressure, pore pressure, stress induced during
drilling, and producing fluid’s drag forces. The two major
factors influencing sand production include fluid flow and
rock strength [2].

Sand production is prevalent in unconsolidated or poorly
consolidated formations due to their low compressive
strength. Such rocks are globally found in younger, shallow
sedimentary formations. Acidizing can further weaken the
formations, increasing the risk of sand production [3].

Increasing the production rate of reservoir fluids increases
the pressure drawdown between the reservoir and wellbore
flowing pressures, increasing sand production. The reservoir
hydrocarbon fluid production may cause pressure frictional
loss, and frictional forces (because of potential and kinetic
energy) could create stresses that exceed the formation’s
compressive strength. To control this, production wells often
have a critical flow rate, below which sand production does
not occur. This critical flow rate is determined by gradu-
ally increasing the production rate until sand production is
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detected. A choke valve can limit the production rate below
the necessary level to manage sand production. However, this
rate is sometimes significantly lower than the desired fluid
production rate for the well [4].

As reservoir pressure reduces over time, increased ade-
quate overburden pressure increases the stress on the sand,
potentially crushing formation particles and causing sand
production. The formation sand may be damaged when the
effective stress surpasses the formation strength due to the
reservoir rock’s compaction from the decreased formation
pore pressure [3].

The frictional force on sand particles is proportional to
the fluid viscosity and flow rate. High viscous drag can cause
sand production from heavy oil reservoirs even at low flow
rates [3].

An increase in the water cut (a higher proportion of water)
also increases sand production. Two mechanisms explain this
behavior. First, particle-to-particle cohesiveness is provided
via the surface tension of connate water surrounding each
sand particle in water-wet sandstone formations. As water is
produced, this surface tension reduces, decreasing cohesive-
ness and weakening the sand arch around the perforation,
producing sand. The second mechanism influencing sand
production is the reduced mobility of oil when the saturation
of oil in the reservoir is decreased, thus reducing the channels
available for oil flow. As this happens, increasing differential
pressure is needed to maintain the desired hydrocarbon flow
rates, potentially leading to sand production [3].

The total drawdown (TD) represents the difference in
pressure between the reservoir and the flowing bottom-hole
pressure. When the reservoir pressure is static, meaning that
there is no fluid production, the pressure at the sand surface
equals the static reservoir pressure. When fluid is produced,
the reservoir is in a dynamic state. The pressure at the perfo-
rations of the wellbore (sand face) has to be lowered from the
static reservoir pressure to allow the fluid to flow toward the
wellbore. The TD captures the dynamic state, showing the
differential between the static reservoir pressure and the flow-
ing bottom-hole pressure. The TD shows how much pressure
is lost because of the fluid flow from the reservoir toward the
wellbore. After production stops, the flowing bottom-hole
pressure increases as the reservoir pressure stabilizes and
returns to its static state. This process is identified as pres-
sure build-up. The TD at which the sand production begins
is defined as the critical total drawdown (CTD) [5].

Some methods are applied to control sand production,
namely, mechanical and chemical techniques. The mechan-
ical methods include frac-packing and open-hole gravel
packs. The chemical method includes injecting some chemi-
cals around the wellbore to consolidate the sand formations.
Therefore, the chemical techniques may reduce the perme-
ability near the wellbore [6]. Due to the cost and decreasing
permeability of the mechanical and chemical methods, early
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sand production prediction is required to control sand pro-
duction successfully [7].

As discussed above, the CTD can effectively predict sand
production. Some studies used data-driven approaches to
determine CTD. Kanj and Abousleiman [8] used 31 wells of
the Adriatic Sea and generalized regression neural network
(GRNN) based on cohesive strength (COH) to calculate the
CTD. Khamehchi et al. [7] used multiple linear regression
(MLR) and genetic algorithm-evolved MLP (GA-MLR) to
predict the CTD. They utilized total vertical depth (TVD),
transit time (TT), cohesive strength (COH), and effective
overburden vertical stress (EOVS) parameters as inputs.
Alakbari et al. [9] used the same four inputs to determine
the CTD by applying fuzzy logic (FL). Alakbari et al. [10]
found the CTD using different methods, namely, response
surface methodology. They stated that their models are the
most accurate compared to the previous studies [10].

The ANFIS method has some benefits, such as presenting
a reputable performance. It has a better learning capability;
it involves few adjustable parameters. Its networks display a
well-structured knowledge representation because its struc-
ture permits parallel computation [11]. It has artificial neural
networks (ANN) and FL in a single method to conduct the
procedure superbly and produce a faster decision [12]. Due
to its fewer components that are primed with variables con-
nected to the problem, it can decrease the training time [13].

The ANFIS was utilized successfully in numerous engi-
neering determinations. Ayoub et al. [14] established a
technique to find a penetration rate employing the ANFIS.
Sambo et al. [15] and Hamdi and Chenxi [16] created ANFIS
models to establish water saturation and CO, minimum mis-
cibility pressure (MMP). Ayoub et al. [17] utilized the ANFIS
to determine the isothermal oil compatibility under bubble-
point pressure. Kalam et al. [18] utilized the ANFIS to obtain
the relative permeability, and Ayoub et al. [19] used the
ANFIS to obtain minimum miscibility pressure. The result
demonstrated that the ANFIS model surpassed other models
[19]. Recent studies used the ANFIS models to determine
the pressure—volume—temperature (PVT), namely, reservoir
bubble-point pressure (Pb), a gas—oil ratio below the Pb, and
oil formation volume factor [20—22]. The ANFIS was utilized
to obtain porosity and permeability based on the well-log data
[23]. The study proved that the ANFIS method could be a
powerful tool for getting porosity and permeability [23].

As sand production mechanisms were discussed, many
factors that affect sand production were highlighted. It was
also surmised that sand production could be effectively pre-
dicted by CTD, which was described to be based on several
factors, most notably the TVD, TT, COH, and EOVS. Thus,
CTD was chosen in this study to predict sand production
while considering the mentioned inputs.

Several models were applied to obtain the CTD; however,
it was felt that a more robust and accurate model was still war-
ranted for predicting the CTD. Thus, previously published
models were explored to improve them. It was observed
that the ANFIS method yields better performance; there-
fore, it was chosen to enhance CTD predictive ability. It was
evaluated using different procedures, namely, trend analy-
sis (TrndAnal), to show the physical behavior (PhyBhvr)
or the effects between the features and the CTD. Statistical
error analyses (SEA) were employed to represent the mod-
els’ accuracy. Moreover, the proposed model was compared
with the current studies.

2 Methodology of ANFIS Model
Development

Here in this section, the significant steps taken for the ANFIS
model development are briefly explained.

2.1 Data Description

The datasets were gathered from the literature [24], which
included 23 gas wells from the Adriatic Sea. The parameters
that were collected were TVD, TT, COH, and EOVS as inputs
and CTD as output to predict sand production. We tried our
best to increase the dataset size. This study contains one of
the highest datasets among all studies in the literature that
predict CTD based on TVD, TT, COH, and EOVS.

The ANFIS method has been shown to perform satisfac-
torily on small datasets [25-27]. That is one of the reasons
an ANFIS model was developed in this study to predict the
CTD. Other benefits of using the ANFIS model will be dis-
cussed in the following subsection: 2.2 ANFIS model.

The dataset ranges are displayed in Tables 1 and 2. The
datasets were split 70% for training the proposed ANFIS
model and 30% for testing the previous and proposed ANFIS
models. The same testing datasets were used to evaluate the
previous and proposed ANFIS models for a fair comparison.

2.2 Model Description

The ANFIS approach excels in rapid decision-making
between parameters because it combines ANN and FL [12,
28]. Figure 1 demonstrates the ANFIS’s structure, which
has five layers: fuzzification, rule, normalization, defuzzi-
fication, and output layers. It is a hybrid learning rule, a
supervised learning capability using a multilayer feedfor-
ward neural network [29, 30].

The ANFIS method has some benefits over other machine
learning approaches. It is an amalgamation of ANN and
FI to make the system higher in reaching a faster decision
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Table 1 The training dataset’s

statistical analysis Parameter TVD (m) TT (s/ft) COH EOVS CTD measured (MPa)
(MPa) (MPa)
Minimum 1070 85 0.539 10.88 0.314
Maximum 4548 170 5.22 80.71 43.97
Mean 2565 115 1.77 38.16 15.28
Median 2380 110 1.27 29.42 12.80
Range 3478 85 4.68 69.82 43.65
Skewness 0.187 0.940 1.23 0.398 0.600
Standard 10.2 0.208 0.012 0.228 0.123
deviation
Table 2 The testing dataset’s
statistical analysis Parameter TVD (m) TT (ps/ft) COH EOVS CTD measured (MPa)
(MPa) (MPa)
Minimum 1122 85 0.559 11.3 0.883
Maximum 4088 150 3.87 76.6 32.6
Mean 2618 116 1.81 41.0 16.3
Median 2660 108 1.62 419 16.2
Range 2966 65 3.31 65.3 31.7
Skewness —0.008 0.387 0.73 0.065 0.125
Standard 10.569 0.229 0.01 0.265 0.119
deviation
Fig.1 The ANFIS’s structure Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

workflow

All

Xy

Anl

/\ /)

A nm

about the mapped relationship between the inputs and out-
puts [12]. It has fewer parameters compared to others. It has
proven higher learning capabilities and conducts highly non-
linear mappings. It controls noisy data and finds classification
and regression problems with missing input data [31]. The
ANFIS structure is designed for parallel computation and
offers a well-structured knowledge representation that inte-
grates well with other design systems [11]. It can quickly
decide the mapped connection between parameters [12].
The ANFIS model was created using MATLAB R2020a.
The Gaussian curve membership is used to show the optimum
result for predicting the CTD. The membership functions for

S @ Springer

all factors are determined based on domain information. The
optimum parameters to accurately predict the CTD are pre-
sented in Table 3. The defuzzification methods were used in
this study. The most critical parameter in the ANFIS model
is the cluster center’s range of influence, and its value in this
study is 0.459. The number of fuzzy rules and training epoch
are 10 and 24, respectively. The initial step size is 0.2461. The
step size decrease and increase rates are 0.11 and 2, respec-
tively. The optimum hyperparameters of the proposed ANFIS
model were selected using the grid search method, which is a
process that systematically finds the optimum hyperparame-
ters through a specified subset of the hyperparameter space of
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Table 3 The optimum hyperparameters of the proposed ANFIS model

Parameter Description/value
Fuzzy structure Sugeno type
Initial FIS for training genfis2
Membership function type Dsigmf
Cluster center’s range of influence 0.459
Number of inputs 4

Number of outputs 1
Optimization method Hybrid
Number of fuzzy rules 10

Training epoch number 24

Initial step size 0.2461

Step size decrease rate 0.11

Step size increase rate 2

the algorithm [32]. In this grid search method, each hyper-
parameter, such as the cluster center’s range of influence,
changes its types or values and keeps the other hyperpa-
rameters fixed. Using this approach, the ANFIS model’s
accuracy and the trend analysis were assessed. Finally, the
optimum hyperparameters of the proposed ANFIS model
were selected based on the correct trend analysis and highest
accuracy.

2.3 Model Evaluation

The ANFIS model to predict the CTD was evaluated by
applying the following procedure. Initially, the Trnd Anal was
conducted. After the parameters showed the correct PhyB-
hvr, statistical error analyses (SEA) were determined for the
ANFIS and previously published models to show the models’
accuracy. The SEA was discussed in the supporting informa-
tion. Finally, all models were compared and ranked.

2.3.1 Trend Analysis (TrndAnal)

The trend analysis (TrndAnal) study focused on four input
parameters: TVD, TT, COH, and EOVS. Each input, such as
TVD, was varied between its minimum and maximum val-
ues, while other inputs, such as TT, COH, and EOVS, were
kept constant in their measured values. Then, the changed
parameters, such as TVD with the constant values of the
other parameters, were used as inputs to predict the CTD,
which is the output using the proposed ANFIS model. For
TrndAnal, all independent variables, such as TVD, which
changed between the minimum and maximum range, were
plotted on the X-axis of a two-dimensional graph. The depen-
dent variable (CTD) was plotted on the Y-axis of the same

graph to show the relationships between each input parameter
and the CTD to identify the PhyBhvr [17, 33, 34].

This study encountered difficulties obtaining the inputs,
such as the TVD between the minimum and maximum, while
keeping the other parameters constants, such as TT, COH,
and EOVS, with the output CTD for these inputs. Due to
these difficulties, the relations between the CTD and the input
parameters were based on the physical relations from the
literature.

3 Results and Discussion
3.1 Trend Analysis Results

Figure 2 shows the trends of TVD versus CTD for three
published studies and our study. The trend was significantly
unique in Kanj and Abousleiman’s [8] study, such that the
CTD stayed constant. At the same time, the TVD changed,
perhaps because their established correlations were based
only on the COH. Our proposed ANFIS model, on the other
hand, follows the correct relationship between the TVD and
CTD.

The shallow rocks are less consolidated than the deep ones
[35]. As a result, lower TVD translates to lower CTD. When
drilling the well to a target formation, the TVD of the well,
like the well radius, remains constant and cannot be changed
like the rate.

Figure 3 shows the TT trend. As shown in Fig. 3, increas-
ing the TT decreases the target variable. However, Kanj and
Abousleiman’s [8] model demonstrates that the target vari-
able constantly changes the TT because he did not use the
TT as input to determine the CTD. Consequently, the ANFIS
model trend followed the proper PhyBhvr; Fig. 3 demon-
strates that the proposed model shows the correct PhyBhvr.
The longer TT indicates that the sand is less consolidated [3].
Thus, raising the TT reduces the CTD.

Figure 4 presents the trend of the cohesive strength (COH)
reported by four studies, all showing that the CTD increases
with increasing COH. Kanj and Abousleiman’s [8] model,
however, has a CTD of — 2.57 MPa at 0.539 MPa of COH;
thus, it is not recommended because it could predict a non-
physical CTD. Figure 4 demonstrates that the COH trend
of the ANFIS model has an accurate PhyBhvr. As shown in
Fig. 4, raising the COH increases the CTD for the ANFIS
model to demonstrate the correct PhyBhvr. The COH raises
the degree of cementation [36]. A decrease in sand production
can be due to the rising cementation degree of the rocks. Thus,
raising the COH can raise the CTD.

Figure 5 displays the EOVS trend. Figure 5 reveals that
the CTD declined by improving the EOVS. Nonetheless,
Kanj and Abousleiman’s [8] model demonstrates that CTD
is steady with changing the EOVS, Fig. 5. Therefore, Kanj
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Fig. 2 Total vertical depth (TVD)
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and Abousleiman’s [8] model indicates an incorrect relation-
ship. As shown in Fig. 5, the ANFIS model trend displays
that increasing the EOVS can increase the CTD to present
the correct PhyBhvr.

In conclusion, all variables used as inputs to develop the
ANFIS model have the correct trends to indicate the proper
PhyBhvr. In addition, all previous models have the proper
trends. However, Kanj and Abousleiman’s [8] equation has
incorrect TVD, TT, and EOVS trends.

3.2 The ANFIS Model with Other Model Comparisons

After the proposed ANFIS model showed the correct rela-
tionships between the inputs and output, cross-plotting anal-
ysis and statistical error analyses, such as AAPRE, APRE,

S @ Springer

115 125 135 145 155 165
Transit time (TT), pus/ft

RMSE, R, and SD, were performed to compare the proposed
ANFIS model’s accuracy with that of the previously pub-
lished models.

3.2.1 Cross-plotting Analysis

The proposed model’s cross-plotting to predict the CTD is
shown in Figs. 6 and 7 for the training and testing datasets.
As shown in Fig. 6, most data points of the measured values
matched the predicted values to indicate the high accuracy
for the training dataset. Most of the predicted points are close
to the measured points for the testing dataset of the ANFIS
model to show high accuracy in predicting the CTD with
different data that are not used in the training model, Fig. 7.
Figure 8 shows the cross-plotting comparison of all models.
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Fig.4 COH TrndAnal of all
models

Khamehchi et al. (GA-MLR)

50

Kanj and Abousleiman

= Khamehchi et al. (MLR)

== Proposed ANFIS

40

30

Critical total drawdown pressure (CTD), MPa

Fig.5 EOVS TrndAnal of all
models

Khamehchi et al. (GA-MLR)

Kanj and Abousleiman

2 25 3 35 4 4.5 5 5.5
Cohesive strength (COH), MPa

=g Khamehchi et al. (MLR)
== Proposed ANFIS

Critical total drawdown pressure (CTD), MPa

10 20

As shown in Fig. 8, most data points of the proposed model
are close to the straight line compared to other models, with
some points far from the line to prove that the given model
is the most accurate in predicting the CTD.

3.2.2 Statistical Error Analyses

After the TrndAnal was conducted, and all variables used as
inputs to create the ANFIS model showed the proper trends,
different SEA were performed to show the ANFIS model’s
accuracy. Furthermore, different SEA were also conducted
for the previous models to compare them with the ANFIS
model. The SEA equations are discussed in the Supporting
Information. The ANFIS and previous models are ranked

30 40 50

60 70 80
Effective overburden vertical stress (EOVS), MPa

with the high R and low AAPRE to determine the best CTD
model.

The R and AAPRE of the models were plotted as y-axis
and x-axis to show their performance. As shown in Fig. 9,
the ANFIS model has 0.9984 (R) and an AAPRE of 4.293%,
which is the highest accurate model. Therefore, the ANFIS
model surpasses all models in predicting CTD. Alakbari
etal.’s [10] (SVM) method represents an AAPRE of 6.087%
and an R of 0.997; Alakbari et al.’s [9] (FL) model has 0.9947
(R) and 8.647% (AAPRE). Alakbari et al.’s [10] (RSM)
model has an AAPRE of 12.703% and 0.991 (R). Khame-
hchi et al.’s [7] (GA-MLR) method has 22.644% (AAPRE)
and 0.983 (R). Khamehchi et al.’s [7] (MLR) has more than
30% (AAPRE).
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Fig.6 Training ANFIS model’s 50
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The prediction performance of all models was compared.
Table 4 shows the SEA for all models. The models are ranked
based on the low AAPRE and high R, Table 4. The ANFIS
model has the lowest APRE, RMSE, and SD of — 2.52%,
0.0048 MPa, and 0.030 MPa, respectively, compared to all
models. Alakbari et al.’s [10] (SVM) model has APRE,
RMSE, and SD of 0.261%, 0.005 MPa, and 0.031 MPa,
respectively. Alakbari et al.’s [9] (FL) model is the third-rank
model with APRE, RMSE, and SD of 4.903%,0.014 MPa,
and 0.082 MPa, respectively. Alakbari et al.’s [10] (RSM)

Springer

model is the fourth rank. These SEA indicate that the pro-
posed ANFIS model surpasses all current models with the
highest accuracy in determining the CTD.

The previous models’ performances were compared with
the ANFIS approach, as shown in Figs. 10 and 11. SEA was
presented in these figures to show the performances of all
models with the proposed ANFIS model in a clear com-
parison visualization. As discussed, the ANFIS model has
the lowest RMSE and SD and the highest R compared to
other models (Fig. 10). The ANFIS model also has the low-
est AAPRE (Fig. 11).
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3.2.3 The Reasons Proposed Model Surpassed Other Models ~ polynomials, such as quadratic, to model the relationships

between input and output variables. RSM is sufficient for
Multiple linear regression (MLR) and the MLR evolved  simple or moderately nonlinear systems but fails to capture
through the genetic algorithm (GA) assume linear relation-  more complex, higher-order nonlinear interactions. There-
ships between the input and output variables. This is a fore, the MLR, the GA-MLR, and the RSM show less

significant limitation when dealing with real-world datasince ~ accuracy than other methods.
the relationships are often nonlinear. RSM uses low-order
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Table 4 SEA comparison of all models

Model Model APRE (%) AAPRE (%) Emax.(%) Emin. (%) RMSE SD (MPa) R
rank (MPa)
Proposed ANFIS model —0.252 4.3 16.0 0.00001 0.0048 0.030 0.9984
2 Alakbari et al. [10] 0.261 6.1 10.8 1.8 0.005 0.031 0.9970
(SVM)
3 Alakbari et al. [9] (FL) 4.9 8.6 24.5 2.9 0.014 0.082 0.9947
Alakbari et al. [10] — 4.8 12.7 38.5 0.830 0.033 0.138 0.9910
(RSM)
5 Khamehchi et al. [7] 16.7 22.6 63.0 6.466 0.085 0.196 0.9830
(GA-MLR)
6 Khamehchi et al. [7] 232 30.5 109.9 5.015 0.194 0.340 0.9800
(MLR)
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The fuzzy logic (FL) systems without ANN support do not
have the learning capabilities compared to the ANFIS, which
is enhanced by the fuzzy systems with learning abilities,
making ANFIS more powerful in modeling and predicting
complex systems.

The SVM exceeds the RSM, GA-MLR, MLR, and FL,
but the SVM was created based on a linear kernel func-
tion. The SVM requires a nonlinear kernel function to handle
nonlinearity, which can complicate the model and increase
computational costs. Thus, nonlinearity is avoided, and the
SVM model is less accurate than the ANFIS.

The ANFIS model is described in the Methodology
Sect. (2.2 Model Description), wherein the benefits of the
ANFIS model are highlighted. To summarize, the ANFIS
model combines the benefits of ANN and FL to speed up the
decision-making process of the mapped relationship between
the inputs and outputs [12]. It has been shown to have higher
learning capabilities and the ability to conduct highly nonlin-
ear mappings. It can quickly decide the mapped connection
between parameters [12]. The ANFIS manages noisy data
and solves classification and regression problems with the
missing input data [31]. In addition, the ANFIS technique
works with small data [25-27].

In addition to the benefits of ANFIS methods, this study
benefitted from using one of the largest datasets available
in the literature. The results show that the proposed model
is more accurate in predicting the CTD than the best MLR,
GA-MLR, RSM, FL, and SVM methods published in the
literature.

4 Conclusions

An ANFIS model was developed to accurately predict the
critical total drawdown pressure (CTD). The developed
ANFIS model was assessed using several methods, such as
SEA. The proposed ANFIS model was compared with the
published models to determine the CTD. This study high-
lights the following:

e The TrndAnal proves that the proposed model has the
correct relationship between all features and the target
variable: CTD. In addition, the TrndAnal for the previous
models was discussed.

e The SEA shows that the ANFIS model can accurately
determine the CTD with a correlation coefficient (R) of
0.9984, standard deviation (SD) of 0.030 MPa, APRE of
-0.252%, AAPRE of 4.293%, and RMSE of 0.0048 MPa.

e The ANFIS and previously published models were ranked
based on the high R and low AAPRE. The first rank model
is the ANFIS model, with 4.293% (AAPRE) and 0.9984
(R). Alakbari et al.’s [10] (SVM) mode comes after the
ANFIS model with AAPRE and R of 6.087% and 0.9970,

respectively. Alakbari et al.’s [9] (FL) model is the third
rank with AAPRE and R of 8.647% and 0.9947, respec-
tively. Alakbari et al.’s [10] (RSM) equation is the fourth
rank and has AAPRE and R of 12.703% and 0.9910. The
SEA shows that the ANFIS model surpasses all models
with the highest accuracy to determine the CTD.

e The model reliability was improved by randomizing the
data to ensure that each dataset did not memorize the pat-
tern and to prevent the model from over-fitting.

e The cross-plotting demonstrates that most data points of
predicted values for the ANFIS model matched the mea-
sured values to show the high accuracy of the proposed
ANFIS model. Furthermore, cross-plotting for all previ-
ously published models was conducted to compare them
with the ANFIS model.

e This research provides a cost-effective tool for CTD pre-
diction in accurate and fast determinations to know sand
production at the early stages and prevent it, which costs
millions of dollars in the petroleum industry.

5 Benefits, Limitations, and Future Works

The proposed ANFIS model does have some limitations. It
was created based on the total vertical depth (TVD), transit
time (TT), cohesive strength (COH), and effective overbur-
den vertical stress (EOVS) in the ranges (1070-4548) m,
(85-170) ps/ft, (0.539-5.22) MPa, and (10.88-80.71) MPa,
respectively.

The proposed ANFIS model is based on the highest
amount of data with a wide range of inputs compared to
previous studies in the literature. Moreover, the proposed
ANFIS model to predict CTD was assessed using different
methods to show its robust CTD prediction. The relationships
between inputs and output were determined by trend analysis
to prove the physical behavior. The proposed ANFIS model
is the best model to accurately predict the CTD compared
to all models in the literature. Thus, the advantages of the
proposed ANFIS model in predicting the CTD significantly
surpass its limitations.

As discussed in the introduction, many factors may influ-
ence sand production, such as tectonic activities, overburden
pressure, pore pressure, stress induced during drilling, fluid
drag force, fluid flow, and rock strength [2]. The data-driven
models can solve many complex field problems. This study
can be extended to consider other factors that affect sand pro-
duction if data for these parameters can be collected. Future
studies can also explore other machine learning methods to
predict the CTD.
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