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a b s t r a c t

There is a direct link between the extent of formation damage and the filtration volume of the drilling
fluids in hydrocarbon reservoirs. The filtration volume can be diminished by adding different additives to
the drilling fluids. Recently, nanoparticles have been extensively used for enhancing the filtration
characteristics of the drilling fluids. However, there is no reliable model for investigating the influence of
this class of additives on the performance of drilling fluids. Hence in this study, two powerful tools ELM
(extreme learning machine) and PSO-LSSVM (particle swarm optimization-least square support vector
machine) are applied to determine the effect of various nanoparticles on the filtration volume. The
assessment of the models is carried out by computing the statistical parameters, and it is found that ELM
has a greater ability to predict the filtration volumes, while PSO-LSSVM performs satisfactorily too. The
model predictions and experimental results are in excellent agreement as suggested by the values of root
mean squared error (RMSE ¼ 0.2459), coefficient of determination (R2 ¼ 0.999), and mean relative error
(MRE ¼ 2.028%) for the dataset. The statistical analysis shows that the suggested model can predict the
filtration volume with great accuracy. Moreover, through sensitivity analysis of the input parameters, it is
found that for a specified nanoparticle, the filtration volume is highly influenced by nanoparticle con-
centration and it is the essential variable for the optimization process.

© 2021 Southwest Petroleum University. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In the petroleum industry, the drilling operation is the first way
to gain access to the hydrocarbon reservoir [1]. During any drilling
operations, the drilling fluid, which is usually called the drilling
mud, is the most crucial and important component [2]. In the
drilling industry, the most commonly used fluids are the water-
based drilling fluids compared to other kinds of drilling fluids

(oil-based or synthetic-based) that are more costly and cause
disposal, safety, health and environmental problems [3]. The dril-
ling fluids perform different actions in the drilling process. They can
control the hydrostatic pressure of the formation, prevent the
breakdown of thewellborewall, transfer the cuttings to the surface,
suspend the additives and cuttings, prevent the formation damage
via creating suitable mud cake on the surface of the wellbore sur-
face, and lubricate and cool the bits and drill string [4].

In order to properly fulfill the aforementioned tasks, these fluids
should be designed and produced with specific characteristics.
Adding certain additives to the drilling fluid can enhance or modify
a particular function or property [5]. The design and functioning of
the drilling fluid directly influence on the outcome of a drilling
operation [3]. Optimizing the functions of drilling fluid through
enhancing its characteristics can minimize the operation problems
and result in an inexpensive drilling process [6]. The improper
drilling fluid, which is directly or indirectly associated with the
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rheological, hydraulic, and filtration characteristics of drilling
fluids, is the main cause of most drilling problems including shale
swelling, stuck pipe, bit balling, surge and swab pressures, high
torque and drag, and loss circulation [6]. For that reason, moni-
toring and controlling the drilling fluid characteristics is an integral
task that needs to be planned for in any drilling program [7]. In
addition, when facing the typical problems that influence the
drilling fluid characteristics, the effects of additives, as well as
humans, must be considered.

Among the problems addressed so far, the drilling fluid loss into
the formation greatly affects the process duration [8]. For reducing
the formation damage as well as drilling fluid cost, it is essential to
lessen and control the fluid loss through adding various fluid loss
agents to the drilling fluid [9]. These additives act like a filter cake
over the wellbore surface (usually called mud cake) so as to lessen
or inhibit the fluid passing into the formation [10]. The filtrate of
drilling mud is obtained using a filter press instrument in the
drilling mud laboratory. After inserting the drilling mud in the
special cell of this instrument and applying working pressure for a
certain period of time, the volume of mud filtrate and the thickness
of the mud cake are measured. It is necessary to apply the fluid loss
agents for the purpose of creating a thin, homogeneous, and low-
permeable mud cake, for a thick and high-permeable mud cake
will increase the pipe sticking and filtration volume of the drilling
fluid. Due to their distinctive characteristics, nanoparticles are be-
ing used as common additives in various fields [11], including oil
and gas industry, to improve the characteristics of the materials or
processes. Recently, many researchers have proposed different
nanoparticles to enhance the filtration characteristics of the water-
based drilling fluids as well as to optimize or improve the other
characteristics of the drilling fluids. The effects of nanoparticles
such as silica (SiO2) [12], titanium oxide (TiO2) [6], stannic oxide
(SnO2) [13], copper oxide (CuO) [14], ferrosoferric oxide (Fe3O4) [7],
aluminum oxide (Al2O3) [15], ferric oxide (Fe2O3) [16], and clay
minerals [17] on the filtration characteristics of all water-based
drilling fluids have been investigated. Other kinds of nano-
particles such as multi-walled carbon nanotube (MWCNT) [18],
clay/silica nanocomposite [19], aluminosilicate/clay hybrid (ASCH)
[10], iron oxide/clay hybrid (ICH) [10], titanium oxide/poly-
acrylamide nanocomposite [20], and nano-sized layered magne-
sium aluminum silicate (MAS) [21] are used for this purpose too.
Furthermore, the combined effects of nanoparticles and surfac-
tants, polymers, and polymeresurfactant are explored in several
other studies [22,23]. These studies show that adding nanoparticles
can improve the filtration characteristics of drilling fluids and
thereby decrease the formation damage [24]. Since nanoparticles
are very small in size, their use in drilling mud reduces the
permeability of the mud cake and as a result, damage to the for-
mation is reduced [13]. Advances in technology have led to the

widespread use of intelligence methods such as LSSVM [25], arti-
ficial neural network [26e30], multivariate adaptive regression
splines (MARS) [31], adaptive neuro-fuzzy inference system
(ANFIS) [32e34], multivariable polynomial regression (MPR) [35],
group method of data handling (GMDH) [31,36], and multi-gene
genetic programming (MGGP) [37] as effective tools in modeling
the complex nonlinear problems in different scientific areas [38].
Recently, some researchers have also studied the prediction of the
filtration characteristics of the drilling fluids in absence of nano-
particles [39]. Based on our best knowledge, no correlation has
been provided to predict the amount of filtration of drilling mud.

In the present study, the impact of different nanoparticles on the
filtration volume has been studied by two methods, namely the
ELM and PSO-LSSVM models. The main purpose of this study is to
propose an up-to-date model with less error in order to predict
time-consuming and costly laboratory data. To do so, in total, 1003
data points are collected from the latest studies appearing in the
literature [12e14,40,41]. Next, for predicting the accurate filtration
volume for the water-based drilling fluids, models are developed
relying on the effective parameters like nanoparticle type, KCl salt
concentration, nanoparticle concentration, rounds per minute
(RPM), temperature, time, and pressure. The evaluation of the best
model is carried out using the statistical analyses. Finally, the most
sensitive parameters of the filtration volume are determined by
performing a sensitivity analysis.

2. Methodology

2.1. Extreme learning machine (ELM)

Established upon a SLFFNN (single-layer feedforward neural
network), an original intelligence method named ELM has been
developed byHuang in order to overpower the shortcomings of low
learning rate algorithms and low training speed. In this approach,
the algorithm randomly selects the nodes, which are concealed,
and calculates the weights of the SLFFNN’s output with the help of
MooreePenrose generalized inverse [42,43]. Fig. 1 indicates the
flowchart of ELM algorithm, including three levels: input, hidden
and output layer.

Assuming that there are N training sets like ðxi; yiÞ2Rn � Rm for
L concealed nodes, one can write the SLFFNN algorithms in this
manner [43,45]:

XL
i¼1

bifi
�
xj
�¼bifiðai , bi , xÞ j¼1; … ; N (1)

where ai ¼ ½ai1; …; ain�T and bi ¼ ½bi1; …; bim�T denote input and
output weights matrices regarding the concealed nodes,

Nomenclature

RBF Radial basis function
ARE Average relative error
R2 Coefficient of determination
MARE Mean absolute relative error
MWCNT Multi-walled carbon nanotube
RPM Round per minute
LSSVM Least square support vector machine
SLFFNN Single-layer feedforward Neural Network
MAS Magnesium aluminum silicate
CSA Coupled simulated annealing

MSE Mean square error
ELM Extreme learning machine
ARD Average relative deviation
RME Root mean error
MAE Mean absolute error
ME Mean error
MRE Mean relative error
RMSE Root mean squared error
AARE Average absolute relative error
PSO Particle swarm optimization
RD Relative deviation
STD Standard deviation
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respectively. Moreover, bi represents the concealed layer bias
[46,47].

XL
i¼1

bifi
�
xj
�¼Hb (2)

where b ¼ ½b1; …; bL� denotes the concealed layer output matrix,
and hðxÞ ¼ ½h1ðxÞ; …;hLðxÞ� is the output weight matrix.

To analyze the training phase, this model, at first, calculates the
input weight and concealed layer bias. To obtain these values, input
variables should be utilized to achieve the concealed layer matrix.
Thus, a least-square problem should be solved for SLFFNN training.
Using the regularization theory, the objective function is deter-
mined as follows [47,48].

minLELM ¼1
2
kbk2 þ c

2
kT � Hbk2 (3)

It should be noted that in this work, the sigmoid activation
function is used for all layers. According to analyzes performed in
various articles, it has been shown that this model shows a high
ability to predict output values; however, depending on the type of
problem, the runtime should also be considered [44,49].

2.2. Least square support vector machine (LSSVM)

SVM (support vector machine) is a sagacious machine learning
model for analyzing, classifying and regression in different areas
[50,51]. The initial form of the function in SVM is:

f ðxÞ¼wTfðxÞ þ b (4)

where, fðxÞ is kernel function, wT is the output layers permute
vector and b denotes the bias term. Besides, x selects the models
input vectors; a matrix of N � n (that the number of data points and
the number of model variables indicates the N and n, respectively).
Minimizing the cost function gives the optimum value for w and b
[52]:

yk ¼wTfðxkÞ þ bþ ek (5)

Limitations that are utilized for minimization are [53]:

yk �wTfðxkÞ � b � εþ xk; k ¼ 1;…;N

wTfðxkÞþ b� yk � εþ x*k; k ¼ 1;…;N

xk; x
*
k�0 k ¼ 1;…;N (6)

where xkand x*k are positive slack parameters and yk and xk are the
k-th output and k-th input. Also, ε is the fixed precision of the
estimating function and c is the SVM structures adjustable

parameter. Note that yk ; xk; ε; xkand x*k are required for solving Eq.
(5); also for minimizing the cost function the Lagrangian should be
modified as follow:

Lða;a*Þ¼�1
2

XN
k¼1

�
ak �a*k

��
al �a*l

�
Kðxk� xlÞ� ε

XN
k¼1

�
ak �a*k

�

þ
XN
k¼1

�
ak�a*k

�
yk

(7)

XN
k¼1

�
ak �a*k

�¼0;ak;a
*
kε½0; c� (8)

Kðxk � xlÞ¼f
�
xTk
�
fðxlÞ k¼1;2;3;…;N (9)

In the above expressions ak and a*k are Lagrangian factors. Then,
final form of SVM is:

f ðxÞ¼
XN
k;l¼1

�
ak �a*k

�
Kðx� xkÞ þ b (10)

Solving the quadratic programming problems under linear
conditions gives the solution for this SVM problem. In 2002,
Suykens and Vandewalle handled this by suggesting a modified
least-square form of SVM called LSSVM [54]. For achieving the
solution in LSSVM, a series of linear equations are solved concur-
rently and the cost function is minimized as:

Fig. 1. Structure of ELM algorithm [44].
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Cost function¼1
2
wTwþ 1

2
g
XN
k¼1

e2k (11)

Under below conditions:

yk ¼wTfðxkÞ þ bþ ek (12)

that ek denotes the error and g is a parameter depending on the
structure of LSSVM model, utilized for tuning. Therefore, the
Lagrangian form of the determined cost function is obtained as
[55,56]:

vL
vw

¼0 0w ¼
XN
k¼1

akfðxkÞ

vL
vb

¼00
XN
k¼1

ak ¼ 0

vL
vek

¼0 0ak ¼ yek; k ¼ 1;2;3;…;N

vL
vak

¼0 0 wT4ðxkÞ þ ek þ b; k ¼ 1;2;3;…;N (13)

By solving equation(5) which denotes 2N þ 2 equations and
2N þ 2 unknowns the parameters of LSSVM, (ek; ak; b and w), are
specified. For presenting the study which is derived as follow, the
radial basis function (RBF) kernel type is used [57,58]:

kðx; xkÞ¼ exp
��xk � x2

s2

�
(14)

that s2 is the tuning parameter of LSSVM model. With the least
amount of deflection for the predicted data and the target, s2 and g

can be determined.
The mean square error (MSE) cost function can be obtained as

[56,59]:

MSE¼
PN

i¼1

�
ypred � yexp

�2
N

(15)

where yexp and ypred are the experimental data and the predicted
values of the LSSVM model and N denotes the number of data
points. Combining the LSSVMmodel and an optimization algorithm
like CSA helps to find the best values of s2 and g by the MSE cost
function minimization [60].

2.3. Particle swarm optimization (PSO)

One of the widely-used stochastic optimization algorithms is
PSO which is based on different population patterns like birds, in-
sects, and fishes [61,62]. PSO takes advantage of the idea of initial
population evolution to find an optimization problem solution, also
recognized as particles [63]. Since a swarm is a squad of particles,
the term “swarm” and “particles” represent the population and
individual, correspondingly [64]. Also, since every particle should
move in the optimization problem’s domain, the topological
neighborhood of the particles is utilized for this purpose. There are
different kinds of neighborhood like Queen, physical neighborhood,
and social neighborhood [65].

In this model, each particle is defined by a velocity vector Viðt)
and a position vector XiðtÞ which is updated as follows [64,66,67]:

vidðtþ1Þ¼wvidðtÞþ c1r1
�
pbest;idðtÞ�XiidðtÞ

�
þ c2r2

�
gbest;dðtÞ�XidðtÞ

�
; d¼1; 2; …; D (16)

where pbest;id denotes the most successfully preceding position of
particle i, w is the inertia weight and gbest;d is the best global po-
sition. Finally, random number can be determined by r and c in-
dicates the learning rate [68]. This equation is composed of three
parts namely social, inertia and cognitive [62,64,69]. The inertia
component is defined as wvidðtÞ. At iteration t, this component
guides the particle toward its way by preserving past movements.
The particles move to preceding best locations using the cognitive
component including c1. Furthermore, the social term including c2
evaluates the performance particles and swarm trajectory in the
domain. The following equation shows how to define the new
particle position:

Xidðtþ1Þ¼XidðtÞþ vidðtþ1Þ; d¼1; 2; …; D (17)

In this paper, PSO-LSSVM approach is used. Fig. 2 indicates a
generic schematic of this algorithm.

3. Data collection

In this research work, a method is used in which the water-
based drilling fluid filtration volume can be related to the effi-
cient input parameters in order to collect a dataset. As mentioned

Fig. 2. The general process of the PSO-LSSVM approach [70].
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earlier, numerous nanoparticles are required to meliorate the
properties of the drilling fluid. As a matter of fact, the researches
investigating the influence of the nanoparticles on the filtration
volume of water-based drilling fluid were used for gathering data
bank. It is worth noting that in some previous studies, the effect of
the nanoparticles has been studied with the effect of different
polymers and surfactants at the same time. However, such studies
are not considered in this research work. Furthermore, building a
reliable network requires dependable experimental results. The
nanoparticles contributed to the data bank are Fe2O3 [40,41], SiO2
[12], CuO [14], SnO2 [13], Al2O3 [14], and clay [14]. There are several
parameters composing of type and concentration of nanoparticle,
concentration of KCl salt (wt.%), time (s), pressure (psi), tempera-
ture (�F) and RPM (round/min) on the water-based drilling fluid
filtration volume (ml) that have been considered in the afore-
mentioned research works. Statistical details of input and output
parameters are shown in Fig. 3.

Totally, 1003 data points were employed for model forecasting
[12e14,40,41]. All data are given in the supplementary material
section of this article. They were unsystematically separated into
two classifications of training and testing data. In fact, these two
groups have no common points and are utilized to assess model
performance during the prediction process. In this regard, about
75% of the main data points (i.e. 752) were assigned to the
training dataset and the remaining ones were utilized as testing
dataset.

4. Error assessment

After developing the model, its performance and accuracy were
evaluated to verify its robustness in order to predict the target. In
fact, R2 was employed for this purpose. In addition, the other
calculated statistical parameters are as follows: root-mean-squared
error (RMSE), mean relative error (MRE), mean squared error
(MSE), residual standard deviation (RSTD), mean absolute error
(MAE), and coefficient of determination (R2) between the real and
anticipated data. The following equations represent the above
statements in the formula:

Mean Relative Error ðMREÞ¼ 1
N

XN
i¼1

��Yact:
i � Ypre:

i

��
Yact:
i

(18)

Root Mean Squared Error ðRMSEÞ¼
 
1
N

XN
i¼1

�
Ypre:
i � Yact:

i

�2!0:5

(19)

Mean Squared Error ðMSEÞ¼ 1
N

XN
i¼1

�
Ypre:
i � Yact:

i

�2
(20)

Residual Standard DeviationðRSTDÞ¼
 

1
N � 2

XN
i¼1

�
Yact:
i � Ypre:

i

�2!0:5

(21)

Mean Absolute Error ðMAEÞ¼ 1
N

XN
i¼1

��Yact:
i � Ypre:

i

�� (22)

Coefficient of Determination
�
R2
�
¼1�

PN
i¼1

�
Ypre:
i � Yact:

i

�2
PN

i¼1

�
Yact:
i � Y

act:
�2
(23)

where N depicts the number of data. Moreover, Yact:
i and Ypre:

i

represent the actual and estimated data, respectively. Y
act:

also
shows the average of the actual data.

5. Results and discussion

In the current research, the PSO-LSSVM and ELM algorithms
were employed to find the filtration volume. Table 1 indicates the
details of the recommended models. The sigmoid function was
used as the activation one and the initial values of input weights
were randomly selected from (-1, 1). Besides, according to the
lowest amount of RMSE, about 30 nodes were located in the con-
cealed layers. Since these nodes aggravate the complexity of the
model and increase the testing error, hence, an optimum algorithm
having 30 nodes should be utilized to deal with the overfitting
problems.

Table 2 presents the numerical results regarding the estimation
of filtration volume. As can be seen, the values of MRE (%), MSE, and
RMSE for the main datasets of PSO-LSSVM and ELM have been
calculated as 2.028 & 2.675, 0.0571&0.14373, and 0.2459& 0.4091,
respectively. As well, R2 has been estimated as 0.999 & 0.998 for
ELM and PSO-LSSVM models, correspondingly.

According to the results, the proposed ELM algorithm has a high
degree of precision. Based on our best knowledge, no correlation
has been provided to predict the amount of filtration of drilling
mud. According to a review of all articles in this field, so far only one
study has addressed to model the effects of nanoparticles on the
filtration characteristics of drilling fluids; Golsefatan and Shahbazi
almost for the first time used a neural networkmodel to predict the
effects of different nanoparticles on the amount of drilling mud
filters [71]; their model was capable of predicting laboratory data
with MSE and R2 of 0.4797 and 0.9928, respectively.

From a certain point of view, Fig. 4 shows the results of
comparing the estimated and real filtration volume data.

As can be seen, there is excellent concord between predicted
and real filtration volume data. The regression of actual filtration
volume data versus estimated ones is plotted in Fig. 5.

A light cloud of data adjacent to the 45� line verifies the accuracy
and validity of the proposed algorithms. The equations for these are
given below:

For testing data of ELM model : y¼0:9947xþ 0:0421 R2

¼ 0:9993

(24)

For training data of ELM model : y¼1:0026x� 0:0201 R2

¼ 0:9991

(25)

For testing data of PSO� LSSVM model : y

¼ 1:0092x� 0:0477 R2 ¼ 0:9974 (26)

For testing data of PSO� LSSVM model : y

¼ 1:0037x� 0:044 R2 ¼ 0:998 (27)
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Fig. 3. Statistical details of input and output parameters.
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According to the equations given, it is clear that the ELM model
shows a higher ability to predict output values in the training and
testing stages.

Fig. 6 indicates the laboratory and predicted values of the
filtration volumes versus time for five different types of nano-
particles at different dispersed nanoparticles concentrations in

water base muds at a constant temperature of 77�F.
As shown in this Figure, the increased time has always led to

increased filtration volume, and the decreased amount of filtration
volume has led to an increased weight percentage of nanoparticles.
Accordingly, the results demonstrate the excellent performance of
both models in predicting laboratory values.

Table 1
Detail information of the proposed models.

LSSVM ELM

Type Comment/value Type Comment/value

Kernel function RBF Activation function Sigmoid
s2 0.15524 Number of hidden layer neurons 30
Y 2822.866 Number of run for average output 50
Number of data utilized for training 752 Number of data utilized for training 752
Number of data utilized for testing 251 Number of data utilized for testing 251
Population size 80
Iteration 1200
C1 1
C2 2

Table 2
The statistical analyses of developed models.

Dataset R2 MRE (%) MSE RMSE RSTD MAE (%)

ELM Training 0.999 2.079 0.056077103 0.2368 0.2004 14.27
Testing 0.999 1.873 0.060490735 0.2459 0.2084 10.0251
Overall 0.999 2.028 0.057181611 0.2459 0.2023 12.148

PSO-LSSVM Training 0.998 2.607 0.135855236 0.3686 0.3157 18.775
Testing 0.997 2.879 0.167353378 0.4091 0.3488 19.882
Overall 0.998 2.675 0.143737622 0.4091 0.3243 19.328

Fig. 4. Comparison of actual and estimated filtration volume: (a) ELM and (b) LSSVM.

Fig. 5. Cross plot of actual and estimated filtration volume: (a) ELM and (b) LSSVM.
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Fig. 6. The laboratory values and the values predicted of the filtration volumes versus time by the ELM and LSSVM models.
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Besides, the distribution of relative deviations between real and
estimated filtration volume data is shown in Fig. 7.

As shown, most of the relative deviations are almost zero. There
is also a slight deviation between the ELM outputs, and real values
and the deviation concerning the values, which are anticipated
using ELM, are fewer than PSO-LSSVM. Likewise, two histograms of
relative deviations of testing and training phases belong to ELM and
PSO-LSSVM are shown in Figs. 8 and 9 in that order.

According to the frequency diagrams, the main part of the error
points that have been reported is almost zero. Besides, the cumu-
lative axis confirms that the deviations range is so restricted so that
the utmost slope related to the cumulative curve occurs neigh-
boring the zero for both models of ELM and PSO-LSSVM.

The results illustrate the high capability of the ELM algorithm to
calculate filtration volume values. The precision degree of
employed data is another crucial factor used to verify the validation
of the model. The leverage mathematical method was employed to
specify the accuracy of the filtration databank. In this method, some
rules were defined to detect suspected filtration data. For this
purpose, a matrix, named hat matrix, should be built as follows
[72].

H¼U
�
UTU

��1
UT (28)

whereU is a matrix with the size of i� j dimensional. i indicates the
number of algorithm parameters and j shows the number of
training points, i and j are utilized to determine the critical leverage
limit as follow:

H*¼3ðjþ1Þ=i (29)

Actually, in the leverage method, two typical residual indexes
(�3 and 3) are utilized. According to Fig. 10, these indices plus
critical leverage limit bound the reliable area.

In this plot (recognized as William’s plot), the red and green
colors denote the critical straight lines. Moreover, the standardized
residual and hat value is plotted in this diagram. It should be
mentioned that the second one is acquired from the key diagonal of
the aforesaid matrix. Clearly, the majority of filtration data are
positioned into this area to demonstrate confirming the utilized
database.

A valuable endeavor is conducted in the majority of parametric
investigations to determine the efficiency of all inputs on the goal.
To evaluate the impact of the inputs on the output, a sensitivity
analysis was used. The investigated inputs include concentration
(wt.%) of KCl salt and nanoparticle, nanoparticle type, temperature
(�F), pressure (psi), time (s), and RPM (round/min) on the filtration
volume data. Therefore, the following formula can be used to
calculate the relevancy factor for every single input parameter [73]:

r¼
Pn

i¼1

�
Xk;i � Xk

��
Yi � Y

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

�
Xk;i � Xk

�2r Pn
i¼1

�
Yi � Y

�2 (30)

where Yi and Y represent the ‘i’th output and output average in that
order. Similarly, Xk;i and Xk indicate ‘k’th input and input average,
respectively. The relevancy factors for the effective variables of
filtration volume data are presented in Fig. 11.

It should be noted that these factors are in the span of �1 to 1 to
facilitate, the higher absolute value the further the impression on
filtration volume. Additionally, a positive relevancy factor means

Fig. 7. Relative deviation between actual and estimated filtration volume: (a) ELM and (b) LSSVM.

Fig. 8. Histogram diagram of relative deviations for ELM model.
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that there is a convenient connection in the middle of input and
target. These factors for the inputs of nanoparticle type, concen-
tration of nanoparticle and KCl, time, temperature, pressure and
RPM are 0.12, 0.28, 0.12, 0.18, �0.21, �0.14 and �0.05, respectively.
Based on the results and explanations as mentioned earlier, the
increased nanoparticle type, KCl and nanoparticle concentration
and time lead to increasing the filtration volume. Besides, the
nanoparticle concentration and temperature inputs are the most
and least effective parameters affecting the filtration volume,
correspondingly.

6. Conclusions

In this research, we proposed ELM and PSO-LSSVM models to
study the impact of nanoparticles on the filtration volume of water-
based drilling fluids. In this regard, according to the literature, 1003
data points were collected. The most important and effective pa-
rameters in this dataset include KCl salt concentration, nanoparticle
type, nanoparticle concentration, temperature, pressure, time, and
RPM. Moreover, the nanoparticles used in this study are SiO2, CuO,
Fe2O3, SnO2, Al2O3, and clay. By performing statistical analyses
(MRE (%), R2, and RMSE), the validity of the ELM model was eval-
uated. The obtained values for MRE (%), R2, and RMSE in ELM and
PSO-LSSVM models were (2.028% & 2.675%, 0.999 & 0.998), and
(0.2459 & 0.4091), respectively. Furthermore, according to the
sensitivity analysis, the nanoparticle concentration indicated the
most impact on the volume of the filtration. Hence, researchers
should seriously take into account this parameter in the optimi-
zation process. Finally, the results indicated that the developed ELM
model is an efficient, robust and inclusive approach to anticipate
the influence of different nanoparticles on the water-based drilling
fluids filtration volume.
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