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The productivity of a gas well declines over its production life as cannot cover economic policies. To
overcome such problems, the production performance of gas wells should be predicted by applying
reliable methods to analyse the decline trend. Therefore, reliable models are developed in this
study on the basis of powerful artificial intelligence techniques viz. the artificial neural network
(ANN) modelling strategy, least square support vector machine (LSSVM) approach, adaptive neuro-
fuzzy inference system (ANFIS), and decision tree (DT) method for the prediction of cumulative gas
production as well as initial decline rate multiplied by time as a function of the Arps' decline curve
exponent and ratio of initial gas flow rate over total gas flow rate. It was concluded that the results
obtained based on the models developed in current study are in satisfactory agreement with the
actual gas well production data. Furthermore, the results of comparative study performed dem-
onstrates that the LSSVM strategy is superior to the other models investigated for the prediction of
both cumulative gas production, and initial decline rate multiplied by time.
© 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

Hydrocarbon reserves estimation and/or production perfor-
mance forecasting is regarded as one of the most challenging
tasks in petroleum engineering disciplines. To this end, a reliable
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method called decline curve is used to fit recorded production
rate related to individual and group of wells or reservoirs by a
mathematical/computational function for forecasting the pro-
duction performance by conducting the extrapolation of the
decline function fitted [1]. To forecast the well or reservoir pro-
duction performance, manymodels have been proposed by using
different approaches. Xu et al. [2] proposed an analytical model
to analyse the production data of shale gas and tight gas reser-
voirs. The solutions made by them are applied for analysing the
type curve of production data for both homogeneous and natu-
rally fractured reservoirs. Furthermore, they reported a new type
curve to evaluate the production performance of shale and tight
gas reservoirs. They reported that there is satisfactory agreement
between the results obtained based on the developed analytical
model and the numerical methods to which it was compared.

Zhang et al. [3] developed a composite method for analysing
the decline performance of a multiple fractured horizontal well
in shale gas reservoirs. They concluded that their developed
ier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article
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composite model can provide some visions into the mechanism
of fluid flow in shale gas reservoirs, and help to analyse the
decline production performance of such wells and reservoirs.
Fanchi et al. [4] analysed the probabilistic decline curve work-
flow for modelling the production data of the some shale gas
reservoirs. Khanamiri [1] presented two semi theoretical
methods for both oil and gas reservoirs on the basis of time and
rate variables. The results indicated that the oil reservoir model
outputs are same with those obtained by hyperbolic equation,
and moreover the gas reservoirs model outputs are reliable in
comparison with the Arp's method [5].

Regarding the importance of predicting the production per-
formance of hydrocarbon reservoirs, development of easy-to-
use, reliable, and accurate models is of much important. To this
end, intelligent based techniques show better capability for
modelling nonlinear problems than the traditional methods such
as empirically derived correlations as well as production charts
so that this makes it more attractive for prediction of production
well performance. In comparison with the intelligent based
techniques, the empirically derived correlations as well as pro-
duction charts have a poor performance for prediction targets in
the presence of a small size of dataset because of their high
number of adjustable parameters. Therefore, the empirically
derived correlations as well as production charts may have the
over-fitting problem so that they may lead to error in the outside
ranges of data which have been developed based on [6]. In other
words, the empirically derived correlations and production
charts may be applicable for analysing the performance of just
some production wells with specific data while intelligent based
models are powerful tools which can predict production well
performance in any range of data associated with various
geographical locations.

Therefore, application of artificial intelligence approaches viz.
artificial neural networks, fuzzy logic, decision tree (DT), and
least square support vector machine, etc., is of helpful to propose
such models. Artificial intelligence methods have fruitfully been
implemented in predicting the thermodynamics of petroleum
reservoir fluids, oil production and optimization, enhanced oil
recovery, petroleum flow assurance, and reservoir engineering
[7e9]. As a result, the artificial neural network (ANN) modelling
strategy optimized with particle swarm optimization (PSO), least
square support vector machine (LSSVM) approach coupled with
the coupled simulated annealing (CSA) optimization method,
adaptive neuro-fuzzy inference system (ANFIS), and finally DT
methodwere implemented in current study to accurately predict
the cumulative gas production and initial decline rate multiplied
by time as a function of the Arps' decline curve exponent and
ratio of initial gas flow rate over total gas flow rate.

2. Database

As a result, the decline curve model proposed by Arps [5] is
still considered as one of most reliable methods for predicting
hydrocarbon reserves estimation and production performance
related to oil and gas wells as well as reservoirs so that almost all
conventional decline curve methods/models are developed on
the basis of Arps' model as follows [10]:

qt ¼ qi
ð1þ bDitÞ1=b

(1)

where qt (MMscf/day) stands for the total gas flow rate at time t,
qi (MMscf/day) denotes the initial gas flow rate, Di (1/day) ex-
presses the initial decline rate, and b indicates the Arps' decline
curve exponent.
Regarding the matters discussed above, the cumulative gas
production ((GP2-GP1)/(tqi)) and initial decline rate multiplied
by time (Dit) as a function of the Arps' decline curve exponent
and ratio of initial gas flow rate over total gas flow rate have been
models based on the data taken from the literature [11,12]. The
data used in this study are taken from decline curve analysis
charts relating production rate to time as well as cumulative
production reported by Gentry [11]. Gentry [11] tested the charts
by the results of production history of a Mississippi limestone
well in Northwestern Oklahoma with initial production rate (qi)
6292 bbl/month; production rate at time t (qt) 730 bbl/month;
cumulative production at time t (Qt) 55,960 bbl; ultimate pro-
duction (Qultimate) 104,000 bbl; and a production time 27months
(time between qi and qt). Ranges (i.e. maximum, minimum and
average) of the cumulative gas production and initial decline rate
multiplied by time as outputs, as well as the Arps' decline curve
exponent and ratio of initial gas flow rate over total gas flow rate
as input variables are listed in Table 1.

3. Methodologies for model development

3.1. Artificial neural network e multilayer perceptron (MLP)
model

Artificial neural network is an advanced model to process and
classify information which simulates the biological neural
network in human brain and is based on themathematical system
of processes which happens in brain [13e15]. Multilayer percep-
tron (MLP) denotes the advanced type andwell researched type of
ANNs in regression and classification, applying a feed forward,
supervised and hetero-associative model [16]. The MLP andmany
other neural networks use an algorithmnamed back-propagation.
By using the back-propagation, the input data is repetitively im-
ported to the neural network. With each steps that outputs are
generated, the values will be compared to measured outputs and
consequently error is calculated. This error is then provided back
(back-propagated) to the ANN and used to regulate the weights
such that the error declines with each iteration and the neural
model produces accurate outputs which are close to desired tar-
gets. This procedure is recognized as “training” [17].

In artificial neural networks, information handling is
executed in numerous simple separate processors which are
entitled neurons. When inputs are imported to the neuron, they
are multiplied by related weight of each link. Then bias
(threshold) of the neuron is supplied to summation of weighted
inputs. In artificial neural network approach, the data from the
input neurons are propagated through the network via weighted
interconnections [18]. Every i neuron in a k layer is connected to
every neuron in adjacent layers. The activation function of
exponential sigmoid function which has generally and tradi-
tionally been utilized to develop ANNs [19] as following:

f ðxÞ ¼ 1
1þ e�x (2)

where x stands for parameter of activation function. A bias term,
b0, is associated with every interconnection in order to introduce
a supplementary degree of freedom. The expression of the
weighted sum, S, to the ith neuron in the kth layer (k � 2) is [18].

Sk;i ¼
XNk�1

j¼1

h�
wk�1;j;iIk�1;j

�
þ b0k;i

i
(3)

where w is the weight parameter between each neuroneneuron
interconnection. Using this feed-forward network with



Table 1
Ranges of data employed for the prediction of gas well performance using decline curve models developed in this study.

Variable Min. Avg. Max. Type

Arps' decline curve exponent 0 0.5 1 Input
Ratio of initial gas flow rate over total gas flow rate 0.2 3.0 10 Input
Cumulative gas production 0.7 7.8 40 Output
Initial decline rate multiplied by time 0.011 0.3 0.726 Output
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activation function, the output, O, of the i neuron within the
hidden k layer is [18].

Ok;i ¼
1

1þ e
�
�PNk�1

j¼1 ½ðwk�1;j;i Ik�1;jÞþb0k;i�
¼ 1

1þ e�Sk;i
(4)

3.2. Least squares support vector machine model

Least squares support vector machines (LSSVM) are least
squares forms of support vector machines (SVM), which are a set
of associated supervised learning methods that investigate data
and identify patterns, and which are used for sorting and
regression analysis offered by Suykens et al. [20e22]. In LSSVM a
linear approximation is prepared in kernel induced feature
space. By considering a data set (xi, yi), i ¼ 1, 2, … N, with input
data xi ε R and output data yi ε R. The regression model can be
established as follows [22e24]:

yk ¼ wT∅ðxkÞ þ bþ ek; K ¼ 1;2;…;N (5)

In these equations, w characterizes the linear regression
(regression weight), T is symbolic of the transpose matrix, e is
training items regression error, b represents the model linear
regression intercept, and ∅ shows the feature map. The cost
function of LSSVM algorithm, QLSSVM is calculated as below
[21e23].

QLSSVM ¼ 1
2
wTwþ g

Xn
k¼1

e2k (6)

g is the relative weight of the regression errors summation
compared to the regression weight. By assistance of Lagrange
function, the regression weight is normally shown as follows
[25,26].

w ¼
Xn
k¼1

akxk (7)

In which ak is defined as.

ak ¼ 2gek (8)

With the assumption of linear regression between indepen-
dent and dependent LSSVM variables, Eq. (5) can be re-written as
[23,25].

y ¼
Xn
k¼1

akx
T
kxþ b (9)

With the subsequent equation the Lagrange multipliers, ak
can be considered as [21,22,26].

ak ¼
ðyk � bÞ

xTkxþ ð2gÞ�1 (10)
By means of Kernel function the first linear regression equa-
tion will changed into a nonlinear form [24e26].

f ðxÞ ¼
Xn
k¼1

akKðx; xkÞ þ b (11)

In which K(x,xk) represent the Kernel function, made by inner
product of the vectors ∅ðxÞ and ∅ðxkÞ [22,25].

Kðx; xkÞ ¼ ∅ðxÞT$∅ðxkÞ (12)

Radial basis function (RBF) is the utmost used relation for
calculating the Kernel function [23,26].

kðx; xkÞ ¼ exp
�� k xk � xk2

s2

�
(13)

Here s2 is a decision variable. Its optimization controlled by
an external procedure during model's internal computations.
The mean square error (MSE) definition for the LSSVM can be
defined as follows [25,26].

MSE ¼
Pn

i¼1

�
T rep

pred
� Texp

�
ns

(14)

Which T is the wax disappearance temperature, rep/pred and
exp specify the represented/predicted and experimental data
respectively and ns is the initial population number [25,26].

3.3. Regression decision tree (DT) model

Decision tree constructs models in purpose of regression or
classificationwith the shape of a tree structure. It divides a dataset
into smaller subsections while a related decision tree is incre-
mentally developed simultaneously. The outcome is a tree with
decision nodes and leaf nodes. A decision node has two or more
divisions, each signifying values for the feature tested. Leaf node
represents a decision on the target. The top decision node in a tree
which relates to the best predictor is called root node. Decision
trees can process both categorical and numerical data [27e29].
There are three kinds of decision tree: CRT, CHAID and Exhaustive
CHAID, and Quest. The procedures of the three sorts follow the
following phases. Start tree building by allocating the node to
classes, stopping tree building. Reach the optimum tree selection
and perform cross-validation. CRT makes tree “Pruning” before
creating the optimum tree selection, while CHAID method im-
plements statistical tests at each step of splitting [30e32].

The CRT (Classification and Regression Tree) is a recursive
subdividing technique to be used both for regression and clas-
sification. The CRT is built by division of data set into the sub-
groups using all predictor variables to create two child nodes
repeatedly, beginningwith thewhole data set. The best predictor
is chosen using a diversity measures. The objective is to yield
subdivisions of the data which are as similar as possible
regarding to the target variable [33e35]. The CHAID (Chi-Square
Automatic Interaction Detector) technique is established based
on the X2-test of association. A CHAID algorithm is a decision tree
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that is created by repetitively division subgroups of the space
into two or more child nodes. To control the best splitting at any
node, any acceptable couple of groups of the predictor variables
is combined till there is no statistically important alteration in
the couple with respect to the target variable. This CHAID
method logically works with communications between the in-
dependent variables that are directly accessible from an analysis
of the tree. The final nodes recognize subsections defined by
diverse groups of independent variables [35,36].

The original CHAID procedure is not assured to discover the
best split of all of those inspected because it uses the last split
tested. The Exhaustive CHAID procedure tries to solve this issue
by continuing to combine groups, regardless of significance level,
until only two groups stay for each predictor. It then uses the
split with the major importance value rather than the last one
tried. The Exhaustive CHAID needs additional computer time
[30,35]. The QUEST (Quick-Unbiased-Efficient Statistical Tree) is
a binary split decision tree process for classification and data
analysis. The QUEST can be used with univariant or linear
grouping splits. An exceptional characteristic is that its attribute
selection technique has insignificant bias. If all the attributes are
uninformative with respect to the class attribute, then each has
approximately the identical variation of being selected to split a
node time [30,35]. Finally, here it is worthwhile to note that a
regression tree is similar to a classification tree, except that the Y
variable takes ordered values and a regression model is fitted to
each node to give the predicted values of Y [37].

3.4. Adaptive neuro-fuzzy inference system model

Theadaptiveneuro-fuzzy inference systemproposedby Jang in
1993 [38] is viewed as a smart hybrid methodology composed of,
and/or combining both fuzzy logic and artificial neural networks.
The production of reasonable results by means of the imple-
mentation of the simple fuzzy inference system (FIS) is directly
associatedwith expert-knowledge rules. The absenceof such rules
is recognized as a major disadvantage of this intelligent system.

The definition of intelligent rules and appropriatemembership
functions can help to avoid imperfect results. The ANFIS combines
Fig. 1. Crossplots of the initial decline rate multiplied by time data versus the predict
approaches. Y axis represents the model results and X axis stands for actual data.
the strengths of fuzzy logic and artificial neural networks in order
to develop models on the basis of an FIS with optimized rules and
membership functions. The ANFIS methodology relies on the
assumption that ANN trains the whole network and FIS structure
to pursue the fuzzy logic representation. It is worth mentioning
that the structures of rules and functions in models developed
based on the ANFIS method are similar to those which have been
proposed by the concept of fuzzy logic [39].

4. Results and discussion

To forecast the cumulative gas production and initial decline
rate multiplied by time, eight reliable models have been devel-
oped on the basis of the ANN, LSSVM, ANFIS, and DT strategies. To
this end, the same variables viz. the Arps' decline curve exponent
and ratio of initial gas flow rate over total gas flow rate have been
considered as inputs to predict the gas well performance. For
visualizing the precision performance and capability of the
models developed based on the methods mentioned above, a
reliable error parameter called average absolute relative devia-
tion (AARD) is applied as follows:

AARD% ¼ 1
n

Xn
i¼1

����Xexp � Xrep:=pred

Xexp

����� 100 (15)

As e result, the particle swarm optimization [40] strategy was
utilized in this study to tune the adjustable parameters (bias and
weight) related to the feed-forwardANNalgorithm.Afterward, the
number of hidden neurons in hidden layer has been optimized by
conducting the try and error method. The most precise models
developed on thebasis of ANNstrategywere selectedwith respect
to the AARD percent. Furthermore, the coupled simulated
annealing (CSA) [41] optimization strategy was used to tune the
adjustable parameters of the LSSVM viz. g and s2. As a conse-
quence, the values optimized by theCSAmethod ares2¼ 0.41 and
g ¼ 634,776 for the model developed for prediction of the cu-
mulative gasproduction, ands2¼ 5.4 andg¼1.8E11 for themodel
proposed for estimating the initial decline ratemultiplied by time.
Additionally, the regression DTalgorithm available in theMATLAB
ed values by the developed model based on the LSSVM, DT, ANFIS, and ANN-PSO



Fig. 2. Crossplots of the actual cumulative gas production data versus the predicted values by the developed model based on the LSSVM, DT, ANFIS, and ANN-PSO approaches.
Y axis represents the model results and X axis stands for actual data.
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was used to develop a predictive model for comparing the esti-
mated data values with the other methods investigated in this
study. Finally, having tried a number of membership functions to
develop a reliable method on the basis of ANFIS method, the
Gaussian membership provided reasonable results.

To evaluate the accuracy performance of the models devel-
oped in this study, the AARD % was calculated for each model.
The cumulative gas production datawas predicted with an AARD
% of 6.95, 8.95, 14.66, and 30.5% for the LSSVM, DT, ANFIS, and
ANN-PSO models, respectively. Moreover, the models proposed
Fig. 3. Absolute relative deviation contour of the predicted initial decline rate multiplied
gas flow rate over total gas flow rate (qi/qt).
on the basis of the LSSVM, DT, ANFIS, and PSO-ANN could esti-
mate the initial decline rate multiplied by time with an AARD %
of 2.26, 10.5, 23.62, and 47.43%, respectively. As clear from the
results obtained, the LSSVM models proposed in current study
have highest accuracy in predicting both cumulative gas pro-
duction and initial decline rate multiplied by time. Moreover, the
predicted values by the regression DT model developed in this
study are in more agreement with the actual production data in
comparison with the ANFIS and ANN-PSO models. Figs. 1 and 2
illustrate the parity diagrams of the predicted values by all
by time in the different ranges of Arps' decline curve exponent (b) and ratio of initial



Fig. 4. Absolute relative deviation contour of the predicted cumulative gas production in the different ranges of Arps' decline curve exponent (b) and ratio of initial gas flow
rate over total gas flow rate (qi/qt).
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methods investigated in this study for the initial decline rate
multiplied by time and cumulative gas production data,
respectively. As clear from the figures, distribution of the pre-
dicted values by the developed LSSVM models around the unit
slope line is lowest compared to the other models studied.
Additionally, Figs. 3 and 4 displays the absolute relative deviation
(ARD) contour of the predicted gas well production data in the
different ranges of Arps' decline curve exponent and ratio of
initial gas flow rate over total gas flow rate for the initial decline
rate multiplied by time and cumulative gas production data,
respectively. Fig. 3 demonstrates that all methods investigated in
this study have better performance in the higher range of b and
qi/qt for estimating the initial decline rate multiplied by time.
Additionally, the models developed in current study (LSSVM, DT,
ANFIS, and ANN-PSO) are not recommended for the prediction of
cumulative gas production in the ranges of 0.7e0.9 for b and 3e5
for qi/qt, as shown in Fig. 4.
5. Conclusions

The challenges faced with the petroleum engineers to esti-
mate the hydrocarbon reserves, and predict the production
performance of oil and gas wells were considered in this study
with development of reliable models for prediction of the cu-
mulative gas production as well as the initial decline rate
multiplied by time. To this end, the Arps' decline curve exponent
and ratio of initial gas flow rate over total gas flow rate have been
considered as inputs of the models. Reliable artificial intelligence
techniques viz. the regression decision tree, least squares sup-
port vectormachine, adaptive neuro-fuzzy inference system, and
neural network were employed to analyse the gas wells perfor-
mance. It was concluded that the results obtained based on the
models developed in current study are in satisfactory agreement
with the actual gas well production data. Finally, a comparative
study was performed between the all models developed in
current study and the actual gas well production data. It was
found that the LSSVM strategy is superior to the other models
investigated for the prediction of both cumulative gas produc-
tion, and initial decline rate multiplied by time.
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