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a b s t r a c t

Controlling sand production in the petroleum industry has been a long-standing problem for more
than 70 years. To provide technical support for sand control strategy, it is necessary to predict the
conditions at which sanding occurs. To this end, for the first time, least square support machine
(LSSVM) classification approach, as a novel technique, is applied to identify the conditions under
which sand production occurs. The model presented in this communication takes into account
different parameters that may play a role in sanding. The performance of proposed LSSVM model is
examined using field data reported in open literature.

It is shown that the developed model can accurately predict the sand production in a real field.
The results of this study indicates that implementation of LSSVM modeling can effectively help
completion designers to make an on time sand control plan with least deterioration of production.

Copyright © 2016, Southwest Petroleum University. Production and hosting 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

The sand production prediction is one of the long-standing
and complex problems in the petroleum industry [1]. From the
phenomenological viewpoint, sand production can occur when
the formation do not present sufficient strength to withstand
destabilizing forces generated during the flow of reservoir fluid
[2e4]. A wide variety of problems such as production loss due
to plugging the perforations [2,3,5,6], wellbore instability [6e8],

equipment erosion [2,8e11], and additional costs for waste sand
depositional [8,9,11] can occur due to sand production. This
may result in reduced production time and increased main-
tenance and operating costs. It is a complex phenomenon
which depends on various factors such as lithology of the
formation, stress distribution around the wellbore, reservoir
characteristics (i.e., rock and fluid properties), wellbore/
completion geometry, and production conditions. Due to the
importance of sand production prediction in the petroleum
industry, great efforts have been directed to develop robust
and reliable methods for sand production prediction. Morita
et al. [12] proposed an analytical approach to study the effects
of many parameters on sand production. According to their
research following parameters may affect sand production:
wellbore pressure and stress distribution around well; drag
forces induced by fluid flow; rock strength of formation; shot
density and perforation geometry; cyclic loading history.
Morita and Boyd [13] presented analyses of five typical sand
problems commonly observed in the field. The first is the sear-
type sand problem in poorly consolidated sand formation in
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Alaska. The second is the sands produced from intermediate
strength formation following water break through. Loss of
capillary pressure holding the sand species together is the pri-
mary cause of this sand production [13]. The third is from North
Sea reservoirs where sand was produced from consolidated for-
mations with reservoir pressure depletion. The fourth type of
sand observed in consolidated formations located in California
close to the San Andrea fault with high horizontal tectonic forces.
Finally, the fifth sand production type was produced with high
pressure gradient around cavity surface due to multiple perfo-
rations with high perforation depth. Doan et al. [14] developed
numerical modeling of gravitational deposition of sand in a
horizontal well in heavy oil reservoirs. Examination of simulation
results revealed that oil viscosity and flow rate along with sand
particle size play important roles in the gravity deposition of
sands inside horizontal heavy oil reservoirs. Bianco and Halleck
[9] experimentally evaluated the behavior, morphology, and
stability of sand arches near the wellbore in two-phase saturated
sand samples. They analyzed the effects of changes in fluid flow
velocity and water saturation during the sand production pro-
cess. With the growing use of artificial intelligence modeling in
petroleum engineering, Kanj and Abousleiman [15] developed an
artificial neural network (ANN) modeling to predict important
sanding indication parameters for gas wells of Northern Adriatic
Basin. Later, another ANN model was developed by Azad et al.
[16] to predict critical bottom hole flowing pressure inhibiting
sand production using 38 datasets collected from three different
oilfields wells located in the southeast of Iran. The results
showed that the developed model provides better prediction
than other analytical models. Although the ANN-based models
have been generally proven to provide high accuracy for pre-
diction problems [17e20], they often have some limitations and
shortcomings. They may have the disadvantages of non-
reproducibility of results, over-fitting problems, getting stuck in
local minima, setting too many controlling parameters, and etc
[21e25]. In this communication, for the first time, a new
computer-based algorithm namely least square support vector
machine (LSSVM) modeling approach is presented for identifying
the sanding condition.

2. Field data and model development

2.1. Database collection

A data set of 31 wells of Northern Adriatic Basin reported by
Moricca et al. [10] was used for modeling. Adriatic Sea is
geographically bounded by Italy, Albania, and the former Yugo-
slavian republics. The northern and central portions of this area
are known to form one geological unit commonly referred to as
the Northern Adriatic Basin [10]. The Northern Adriatic Basin is
considered Italy's main supplier in natural gas. Based on exten-
sive experimental tests on core samples as well as drilled cut-
tings in different fields of the Northern Adriatic Basin, the
following data were obtained [10]:

1. The producing formation porosity varies between 10 and 40%
while it has very low permeability ranging from 10 to 100mD.

2. The lithology of vertical column is composed of sand shale
alterations. While the producing formation contains unce-
mented clays. The cohesive strength averages to 19 kg/cm2.

According to AGIP's research group [10], out of all studied
wells, 23 wells considered as problematic due to sand produc-
tion, and the remaining 8wells considered as sand free. Reported
main factors affecting sand production were: total vertical depth

(TVD), transmit time (TT), cohesive strength of the formation
(COH), water and gas flow rates (Qw & Qg), bottom hole flowing
pressure (BHFP), drawdown pressure (DD), effective overburden
stress (EOVS), shut per foot (SPF), perforation interval (Hperf).
This dataset was examined for incomplete data and as the result
two sets were removed. The finalized data set consisting of 29
data points is reported in Table 1.

As previously mentioned, our objective is to develop a math-
ematical non-linear relationship between the available datawhich
considered as inputs (i.e., TVD, TT, COH, Qw, Qg, BHFP, DD, EOVS,
SPF, and Hperf) and the output which is sanding indication. For this
purpose, mathematical background of LSSVM is presented.

2.2. Model development

The aim of this section is a review on some basic concept on
support vector machines (SVM) for classification problems. SVM
can be considered as a non-probabilistic binary linear classifier
using regression analysis. This algorithm that is supervised
learning manner for pattern recognition and data analysis has
been studied extensively for both classification and regression
analysis [1,26e34]. The convergence of SVM method to global
optimum and detect a quick solution by standard algorithm is
very probable It has no need for multiple adjustable parameters
and network topology determination in advance (it will be
determined automatically at the end of training process)
[35e38].

The SVM algorithm builds a separating hyper-surface in the
input space. This process is performed as follows [1,35,38e40]:

1) It maps the input patterns into a higher dimensional feature
space through nonlinear mapping.

2) Builds a separating hyper-plane with maximum margin.

By considering a training sample set of N data points
fxk; ykgNk¼1, in which xk2Rn is the kth input pattern and yk2Rn is
the kth output pattern, the SVM algorithm is reduced to con-
structing a classifier of the below form for classification
problems:

yðxÞ ¼ sign

"XN
k¼1

akykJðx; xkÞ þ b

#
(1)

where ak positive real constants and b is a real constant.J(.,.) is a
function that has some forms such as linear SVM, polynomial
SVM, two layer neural SVM, and Radial Basis Function (RBF) SVM.
Recent studies show that RBF SVM is hemmore reliable that
other form of SVM [33,41e43].

The RBF for of this function is as follow:

Jðx; xkÞ ¼ exp

(
� kx� xkk22

s2

)
(2)

where s2 is the squared variance of the Gaussian function which
should be optimized by the user to obtain the support vector.

Construction of classifier based on SVM approach is as follow.
One assumes that

yk
h
wT4ðxkÞ þ b

i
� 1 k ¼ 1; ::::;N (3)

4(.) is a nonlinear function which maps the input space into a
higher dimensional space. The extension of linear SVMs to non-
separable case was also made by Cortrs and Vapnik in 1995 [35].
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