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The majority of published empirical correlations and mechanistic models are unable to provide accurate
flowing bottom-hole pressure (FBHP) predictions when real-time field well data are used. This is because
the empirical correlations and the empirical closure correlations for the mechanistic models were
developed with experimental datasets. In addition, most machine learning (ML) FBHP prediction models
were constructed with real-time well data points and published without any visible mathematical
equation. This makes it difficult for other readers to use these ML models since the datasets used in their
development are not open-source. This study presents a white-box adaptive neuro-fuzzy inference
system (ANFIS) model for real-time prediction of multiphase FBHP in wellbores. 1001 real well data
points and 1001 normalized well data points were used in constructing twenty-eight different Takagi
—Sugeno fuzzy inference systems (FIS) structures. The dataset was divided into two sets; 80% for
training and 20% for testing. Statistical performance analysis showed that a FIS with a 0.3 range of in-
fluence and trained with a normalized dataset achieved the best FBHP prediction performance. The
optimal ANFIS black-box model was then translated into the ANFIS white-box model with the Gaussian
input and the linear output membership functions and the extracted tuned premise and consequence
parameter sets. Trend analysis revealed that the novel ANFIS model correctly simulates the anticipated
effect of input parameters on FBHP. In addition, graphical and statistical error analyses revealed that the
novel ANFIS model performed better than published mechanistic models, empirical correlations, and
machine learning models. New training datasets covering wider input parameter ranges should be added

to the original training dataset to improve the model's range of applicability and accuracy.
© 2023 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

bottom-hole pressure (FBHP) [5] because of the presence of flow
patterns that cannot be easily identified [6]. The modelling of

Multiphase flow is the simultaneous flow of a mixture of two or
more phases (gas, liquid, or solid phases) [1]. Multiphase flow in
circular pipes is often encountered in chemical, nuclear, petroleum,
and geothermal industries [2—4]. In addition, multiphase flow is
more complex than single-phase flow in predicting flowing
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multiphase flow in pipes and its associated problems have chal-
lenged petroleum engineers for quite some time [7].

Accurate prediction of multiphase FBHP in production wells is
an essential factor for the analysis and production optimization of
oil and gas wells. Traditionally, FBHP data is obtained by direct
measurement using downhole gauges. The exposure to mechanical
failures of these downhole gauges implies that they require regular
maintenance and calibration to avoid erroneous FBHP measure-
ments [8]. Furthermore, the deployment of downhole gauges for
the direct acquisition of FBHP measurements is a risky and
expensive duty [9]. For these reasons, petroleum engineers have
over the years developed ingenious models for accurate multiphase
FBHP prediction from surface readings [9]. The models developed
for predicting multiphase FBHP from surface readings include
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mechanistic models, empirical correlations, and most recently
machine learning models. These models are referred to as tubing
performance relationship (TPR) models. The operating flow rate
and pressure of a production well can be established by coupling
any of these TPR models with an inflow performance relationship
(IPR) model such as the Vogel [10] IPR model. Operating flow rates
and pressures of production wells were also analysed by Duru et al.
[11] using Petroleum Expert Software to develop an integrated
production model (IPM). The IPM consists of a reservoir, wellbore,
and surface facility models described with MBAL (material balance
equation), PROSPER (IPR and TPR) and GAP software respectively.
Their proposed IPM could serve as a guide to petroleum engineers
on which artificial lift system to be installed or not. Nwanwe et al.
[12] developed an optimum tubing size selection model by
coupling the Poettmann & Carpenter [13] TPR model computed for
awide range of tubing sizes (0.824—6.0 inch) and the Vogel [10] IPR
model computed for present and future reservoir pressures. The
optimum tubing was selected based on economic considerations
and the present and future operating flow rates.

Oil and gas production forecast is a very important application
of these TPR models. With the knowledge of nodal analysis and
material balance, it is possible to forecast future oil and gas pro-
duction rates and cumulative production. In the case of a solution
gas drive oil reservoir, gas-liquid two-phase flow behaviour pre-
vails in the reservoir and wellbore. In performing production
forecast, a series of average reservoir pressures, p are assumed
between the bubble point and abandonment pressures. The ma-
terial balance model presented in Craft & Hawkins [14] is then used
to determine the incremental cumulative production and cumula-
tive production for each interval of the assumed p. Similarly, Nodal
analysis is used in the production rate determination for each in-
terval of assumed p by coupling a TPR and IPRs determined with the
assumed p. The production time for each interval of p is given as the
incremental production divided by the production rate while the
cumulatve production time is the sum of the production time.
Future production forecast can also be performed by coupling of a
capacitance resistance model with nodal analysis.

The capacitance resistance model (CRM) is a data-driven
nonlinear model for the estimation of interwell connectivity
(IWC) based on material balance equation between the well in-
jection rate as input and well production rate as output within a
specific control volume [15,16]. Yousef [17] proposed a CRM to infer
IWC and storage from injection and production rates by coupling
the material balance and the linear productivity equations. To study
the IWCs, the authors proposed the balanced capacitance model
(BCM) approach if the waterflood is balanced and unbalanced
capacitance model (UCM) approach if the waterflood is not
balanced. Sayarpour et al. [18] derived analytical solutions for the
CRM based on the superposition in time and presented the solu-
tions for three different control volumes based on tank (CRMT),
producer (CRMP), and injector-producer (CRMIP) control volumes.
Weber et al. [19] coupled their developed CRM with an optimizer
and tested the coupled model with field data. Nguyen et al. [20]
derived an integrated capacitance-resistance model (ICRM) for
primary recovery from a material balance equation assuming no
aquifer, black oil, and no initial gas cap. Kim et al. and Nguyen et al.
[15,20] proposed an ICRM for secondary recovery from the differ-
ential equation of the producer based representation of CRM
(CRMP). Yousefi et al. [16] developed a modified CRM as an
analytical solution in gas-oil systems by coupling a modified ma-
terial balance equation and a modified productivity equation. Wang
et al. [21] presented an improved CRMIP developed by coupling the
effect of active aquifer support and Stochastic Simplex Approximate
Gradient optimization algorithm to the traditional CRMIP for ac-
curate IWC determination. Real-time prediction of FBHP can
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improve the use of CRMs for primary, secondary, and tertiary oil
recoveries since the works of Holanda, et al. and Sayarpour
et al.[18,22]; and Wang, et al. [23] emphasize its importance.

The empirical correlations developed over the years for multi-
phase FBHP prediction are categorized as category A, B, and C
correlations respectively [24]. Flow patterns and slip conditions
were neglected in the development of Category A correlations
[13,25,26]. In developing Category B correlations, slip was consid-
ered and flow pattern neglected [27,28]. Category C correlations
considered flow pattern and slip conditions [29—31]. These
empirical correlations were developed by establishing mathemat-
ical equations with the aid of experimental data [32]. The range of
applicability of the empirical correlations is limited to the experi-
mental data range used in their development. In addition, the
graphical nature of the empirical correlations makes their coding in
a computer program difficult.

Mechanistic models for multiphase FBHP prediction have been
classified by Gomez et al. [33] as pipeline, wellbore, and unified
mechanistic models. Pipeline mechanistic models are applicable for
horizontal flow conditions [34,35], wellbore mechanistic models
for vertical to slightly inclined flow conditions [2—4,36—38] and
unified mechanistic model for all angles of inclination flow condi-
tions [33,39—41]. The development of mechanistic models was
achieved using physical laws and then closed using closure
empirical correlations. Unlike empirical correlations, mechanistic
models don't have any graphical correlations and hence coding in a
computer program is easy. The aim of developing mechanistic
models was that they exceed the performance of current empirical
correlations [42]. However, statistical error analysis indicates that
the published empirical correlations outperformed mechanistic
models [43]. It has been recently confirmed that the poor perfor-
mance of mechanistic models was due to the severe under-
prediction of the pressure drop by the mechanistic slug flow and
churn flow models [44].

It is evident from statistical error analysis conducted by Takacs
[43] that mechanistic models and empirical correlations produced
unsatisfactory FBHP predictions. This has motivated researchers to
develop models for predicting FBHP based on machine learning
(ML). ML models are classified as genetic algorithms (GA), artificial
neural networks (ANN), expert systems (ES), and fuzzy logic con-
trollers (FLC) [45]. ANN are the most common ML models used to
predict FBHP in the petroleum industry. The findings of several
machine learning research [1,42,46—48] indicate that ANN provides
better predictions of FBHP than empirical correlations and mech-
anistic models.

Adaptive neuro-fuzzy inference System (ANFIS), a combination
of ANN and fuzzy logic controller (FLC) [49], is another ML model
that has gained popularity in the petroleum industry in solving
complex and difficult problems. ANFIS has been used in the pe-
troleum industry for lost circulation prediction [50], natural frac-
tures and hydraulic fractures interaction prediction [51], prediction
of porosity and permeability of oil reservoirs [52], prediction of
nanofluid convective flow pressure in a heated pipe [53], differ-
ential pressure prediction for downhole inflow control devices [54],
prediction of reservoir bubble point pressure [55] and FBHP pre-
diction [8,56]. ANFIS and several of its hybrid versions have also
been used in other fields of study for the prediction of soil moisture
[57], dew point temperature [58], daily reference evapotranspira-
tion [59], monthly actual evapotranspiration [60], and cation ex-
change capacity [61]. These hybrid ANFIS models are classical
ANFIS model coupled with metaheuristic algorithms such as whale
optimization algorithm (ANFIS-WOA), the krill herd algorithm
(ANFIS-KHA), and the firefly algorithm (ANFIS-FA), the bee colony
optimization (ANFIS-BCO), the dragonfly algorithm (ANFIS-DFA),
the shuffled frog-leaping algorithm (ANFIS-SFLA) and invasive
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weed optimization (ANFIS-IWO), the grey wolf optimization
(ANFIS-GWO), differential evolution (ANFIS-DE), and particle
swarm optimization (ANFIS-PSO). Literature review conducted in
this study reveals that these hybrid ANFIS models perform better
than the classical ANFIS models. These successful applications of
ANFIS in solving complex problems in petroleum engineering and
other fields of study are indicative of the potential of ANFIS in
predicting FBHP. However, these ANFIS models were developed and
presented as black-box models without any visible mathematical
equation making their use by other authors difficult since the data
used in their development are not open-source.

Detailied literature review carried out in this study identified
some issues with published correlations and models for FBHP
prediction in wellbores. First, majority of mechanistic models and
empirical correlations predict unsatisfactory FBHP when real-time
well datasets are used. This is because the empirical correlations
and the empirical closure correlations of the mechanistic models
were developed with experimental datasets. Second, real-time well
data points are used in the construction of the majority of ML FBHP
prediction models. However, these ML models are published
without any visible mathematical equation aside from the ANN-
based models developed by Nwanwe et al. and Tariq et al. [47,62].
This makes the use of these ML models difficult since the data
employed in their development are not open-source. Lastly, most
ML models are ANN-based and to the best of our knowledge, the
[8,56] model is the only ANFIS-based FBHP prediction model re-
ported in the literature. The [8,56] model was constructed using
795 real-time data points and presented without any visible
mathematical equation. The author only described how he trained
the dataset to obtain the best black-box model with a range of in-
fluence of 0.6. This makes it difficult to use his ANFIS-based model
for FBHP determination on new dataset.

An ANFIS-based white-box FBHP prediction model is presented.
1001 real-time normalized well data points [56,63] were employed
in the black-box model construction. The dataset was divided into
two sets; 80% for training and 20% for testing. The dataset division
ensured that the testing dataset parameters ranges were within the
training dataset parameter ranges. Feature selection conducted
showed that seven out of the eight input parameters are strongly
correlated to the FBHP. However, the authors decided to develop
the model with all eight input parameters because field experience
shows that all these parameters affect FBHP. In addition, feature
scaling performed normalized the ranges of the input and output
parameters between 0 and +1. Subtractive clustering was used in
creating the Takagi—Sugeno fuzzy inference system (FIS) in this
study. Several Takagi—Sugeno FIS were created, each defined by a
range of influence (RI) ranging from 0.3 to 0.95 and type of dataset
(normalized or real dataset). After training each of these FIS, the
best FIS with a RI of 0.3 and trained with normalized was selected.
The tuned premise and consequence parameter sets of the selected
FIS black-box model were extracted and used to implement the
ANFIS white-box model. The developed ANFIS visible mathematical
model was also implemented in microsoft office excel and included
as a supplementary file. Users will therefore be able to apply the
current ANFIS visible mathematical model in the field for predict-
ing FBHP in real-time from real-time well data. Performance eval-
uation of the developed ANFIS visible mathematical model was
done by performing trend analysis and comparison against three
mechanistic models, three empirical correlations, one ANN-based
model and one ANFIS-based model.

2. Literature review

Many researchers have for many years developed ML models for
determination of multiphase FBHP in wellbores. This section
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reviews some of the ML models that have been built for FBHP
prediction. This section also reviews the application of ANFIS in
various areas.

Ahmadi and Chen [64] developed a model based on ANN for
predicting FBHP. The authors improved the predictive performance
of the ANN-based model by optimizing the weights and biases with
the aid of meta-heuristic optimization algorithms. The results of
their study showed that particle swarm optimization (PSO) and
hybrid genetic algorithm (HGA) performed best. Furthermore, the
findings suggested that hybrid models might be applied in com-
mercial production engineering software.

Akinsete and Adesiji [65] collected and processed 15,635 data
points from a Norwegian field into 2447 data points. The 2447 data
points were then used in constructing a model based on ANN for
predicting FBHP. The ANN model was trained and tested using 1713
and 734 data points respectively. The results of their study showed
that their ANN model performed better than support vector,
random forest, decision trees, and mechanistic models.

Al-Shammari [8,56] collected and reduced 1207 well data points
from Middle East oil fields to 795 data points by processing with
empirical correlations to remove outliers. The 795 well data points
were then used to construct an ANFIS model that employs sub-
tractive clustering with a 0.6 cluster radius in predicting FBHP. The
author used 596 and 199 well data points respectively for training
and testing of the model. A comparative study showed that the
ANFIS model performed better than existing empirical correlations.

El-Kadi et al. [66] used a database of 7581 data points in con-
structing a model based on ANN for two-phase pressure drop
prediction in oil wells. Independent results were generated by the
authors by considering the effect of the number of hidden layers
and the number of neurons in each hidden layer. A comparative
study revealed that their ANN model accurately predicts pressure
drop than published mechanistic models and empirical
correlations.

Jahanandish et al. [42] collected 413 Iranian oil well data points
and used the data points to construct a model based on ANN for
predicting multiphase FBHP. The dataset was partitioned in a ratio
of 4:1:1 for the training, testing, and validation datasets respec-
tively. The results showed that the developed ANN model per-
formed with higher accuracy than published mechanistic models
and empirical correlations.

Kanin et al. [1,67] proposed a novel method for the computation
of multiphase pressure gradient that involves three different ma-
chine learning models. In the developed model, the first surrogate
model is used for liquid holdup prediction, the second for flow
pattern prediction, and the third for pressure gradient prediction.
Experimental data from open source was used to evaluate their ML
model and was shown to outperform published mechanistic
models and empirical correlations. It was also shown that their ML
model permitted a wider input data range.

Li et al. [46] proposed a procedure for FBHP computation that
couples the FBHP computation procedures of ANN models and
empirical correlations to improve the prediction accuracy and in-
crease the range of prediction. Their combined procedure provided
better prediction results than the existing empirical correlations.

Osman et al. [45] developed a model based on ANN for pre-
dicting FBHP using 206 data points collected from Middle East
fields. The authors divided the dataset into training, validation, and
testing datasets in a ratio of 3:1:1. The results revealed that their
ANN model outperformed current mechanistic models and
empirical correlations. In addition, the trend analysis conducted
showed that their model provided the physical parameters’ ex-
pected effects on the pressure drop.

Sami and Ibrahim [48] developed ML models for predicting
multiphase FBHP by employing ANN, Random Forest (RF), and K-
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Nearest Neighbours (KNN). A comparison of the three ML models
used in their study showed that FBHP is predicted with higher
accuracy by ANN than RF and KNN. Their study also showed that
artificial intelligence (Al) has the potential of predicting complex
multiphase petroleum production parameters.

Seong et al. [68] used 350 experimental data points to construct
a deep neural network (DNN) model for the evaluation of multi-
phase horizontal flow in pipes. The authors used 279, 3, and 40
experimental data points for training, validation, and forecasting
respectively. Coefficients of determination of 0.89 and 0.98 were
reported for liquid holdup and pressure gradient predictions
respectively which is indicative of the model's reliability.

Tariq et al. [62] used the Ayoub [63] 206 real-time well data
points to develop a black-box model based on ANN for predicting
FBHP in vertical wells. The trained black-box model's weights and
biases were extracted and used to implement the white-box model.
The authors also used particle swarm optimization (PSO) in opti-
mizing the weights and biases of the developed ANN white-box
model. A comparative study showed that the PSO-ANN FBHP pre-
diction model outperformed the conventional ANN FBHP predic-
tion model. Furthermore, group trend analysis revealed that the
PSO-ANN FBHP prediction model captures the physics behind the
problem accurately.

Moazenzadeh et al. [57] evaluated the performance of a classical
ANFIS model and three ANFIS models coupled respectively with the
whale optimization algorithm (ANFIS-WOA), the krill herd algo-
rithm (ANFIS-KHA), and the firefly algorithm (ANFIS-FA) in pre-
dicting soil moisture (SM). The data consist of SM content and soil
temperature measured at a depth of 20 cm at different locations in
Turkey for a total of 490 days as well as meteorological data
measured at Istanbul Bolge station. The result of their study
revealed that all three hybrid ANFIS models performed better than
the classical ANFIS with the ANFIS-WOA achieving the best
performance.

Mehdizadeh et al. [58] developed a classical ANFIS model and
two ANFIS models coupled respectively with the bee colony opti-
mization (ANFIS-BCO), and the dragonfly algorithm (ANFIS-DFA)
for the prediction of dew point temperature. The data used for the
study was collected from the Rasht and Urmia meteorological
stations in Iran. A comparative study revealed that the hybrid
models (ANFIS-BCO and ANFIS-DFA) outperformed the classical
ANFIS model with the ANFIS-DFA performing best for the consid-
ered stations.

Mehdizadeh et al. [59] developed two ANFIS hybrid models in
which ANFIS is coupled respectively with the shuffled frog-leaping
algorithm (ANFIS-SFLA) and invasive weed optimization (ANFIS-
IWO) in the prediction of daily reference evapotranspiration. The
study data was collected from the Tabriz and Shiraz meteorological
stations in Iran. Comparative evaluation conducted showed that the
two ANFIS hybrid models outperformed the classical ANFIS model
and existing empirical models, with the ANFIS-SFLA achieving the
best performance.

Hadadi et al. [60] evaluated the performance of classical ANFIS
model and two ANFIS models coupled respectively with the shuf-
fled frog-leaping algorithm (ANFIS-SFLA) and the grey wolf opti-
mization (ANFIS-GWO) in the prediction of monthly actual
evapotranspiration. The data used for their study were collected in
Neishaboor watershed, Iran and consist of meteorological data and
remotely sensed data. The result revealed that the ANFIS-SFLA and
ANFIS-GWO outperformed the classical ANFIS model with ANFIS-
GWO exhibiting the overall best performance.

Emamgholizadeh et al. [61] developed classical ANFIS model
and two ANFIS models coupled respectively with differential evo-
lution (ANFIS-DE), and particle swarm optimization (ANFIS-PSO)
for the prediction of cation exchange capacity (CEC). The data
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employed in their study consist of 250 topsoil samples collected in
the Gilan province of Iran. The authors divided the dataset into two
sets; 75% for training and 25% for testing. The study result revealed
the superior performance of the two hybrid ANFIS models over the
classical ANFIS model in predicting CEC.

3. Adaptive neuro-fuzzy inference system (ANFIS)

ANFIS, a machine learning technique developed in the early 90s
[69], is a type of ANN based on the Takagi—Sugeno fuzzy inference
system. ANFIS allows users to benefit from the advantages of fuzzy
logic and neural network concepts because it integrates both con-
cepts in a single framework. The ANFIS structure consists of five
layers [49].

(1) The input values go through the first layer (fuzzification layer),
which decides which membership functions apply to them.
The basic types of membership functions include Gaussian,
trapezoidal, triangular, and bell-shaped membership func-
tions. The Gaussian membership function (gaussmf) was used
in the development of the current model and hence will be the
focus here. The premise parameter set, {c¢, ¢} is used to
calculate the membership degrees of each function as given in
Eq. (1). The gaussmf has a smooth curve and uses the
parameter ¢ to locate the centre of the curve and parameter c
for determining the width of the curve [70].

(2) The second layer (rule layer) multiplies the membership
values calculated in the first layer to generate the firing
strengths for the rules, as shown in Eq. (2). Note that this is
for a scenario with only two inputs.

(3) The third layer (normalization layer) normalizes the
computed firing strengths by dividing each value of firing
strength by the total firing strength as given in Eq. (3).

(4) The normalized data and the consequence parameter set {p,
q, r} are fed into the fourth layer (defuzzification layer) which
returns the defuzzified values as given in Eq. (4).

(5) The defuzzified values are then transferred to the fifth layer
(summation layer), which sums them and returns the final
output as given in Eq. (5).

)
Ol] = ua, (x) = gaussmf (x; o, c) = exp [— 0.5(’%) } (1)
OF =w; = pp,(X).pu,(x),1 = 1,2 (2)
CR Wi .
O == Twy s rwy (SR %
Of =Wif; =Wi(pix + qy +17) (4)
2w
S _ wWif — !
0 =2 Wi = (3)
1

where {7, c} is the premise parameter set; {A;, B;} is the linguistic
label to node i, x is the input to node i, w; is the firing strength, w; is
the normalized firing strength from layer 3, {p, g, r} is the conse-
quence parameter set.

The approaches proposed over the years for the training of
ANFIS can be classified as derivative based, heuristic based, and
derivative-heuristic based hybrid approaches [49]. As already
mentioned above, ANFIS consist of premise and consequence
parameter sets. Literature review reveals that there are two
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approaches for the training of premise and consequence parameter
sets. In the first approach, premise and consequence parameter sets
are trained with the same training optimization algorithm. In the
second approach, the premise parameter set is trained with an
optimization algorithm different from that used in training the
premise parameter set.

The derivative based learning algorithm can further be divided
into standard and hybrid derivative training approaches. In stan-
dard derivative training approach, the premise and consequence
parameter sets are trained with the same training optimization
algorithm, e.g. backpropagation (BP) [71] or Levenberg-Marquardt
(LM) [72] training optimization algorithm. In the derivative based
hybrid training approach, the premise set is trained with an opti-
mization algorithm different from that used in determining the
consequence parameter set. The most widely used version of the
derivative based hybrid algorithm was originally proposed by Jang
[69] and is commonly referred to as hybrid learning (HL). In HL, the
premise parameter set is trained using backpropagation gradient
descent (BP/GD) while the consequence parameter set is deter-
mined with least square estimation (LSE). In other versions of de-
rivative based hybrid algorithms, the premise parameter set is
trained with BP/GD while the consequence parameter set is esti-
mated with either recursive least square estimation (RLSE) [73], LM
[74], Kalman filter (KF) [75], or Extended Kalman filter (EKF) [76].
The drawback of these derivative based hybrid algorithms stems
from their use of BP/GD, which is prone to getting stuck in the local
minima, to train the premise parameter set.

The heuristic based learning algorithms, classified as standard
and variant, were developed to overcome the drawback of deriva-
tive based training algorithms. In fact, the trend has shifted from
derivative based algorithms to heuristic based algorithms owing to
the flexibility and global search ability. In heuristic based learning
algorithms, the premise and consequence parameter sets are
trained with the same algorithm. Common examples of standard
heuristic based learning algorithm used for training the ANFIS
premise and consequence parameter sets include particle swarm
optimization (PSO) [77], genetic algorithm (GA) [78], artificial bee
colony (ABC) [79], and firefly algorithm (FA) [80]. Accelerated par-
ticle swarm optimization (APSO) [81], Real-coded genetic algo-
rithm (RCGA) [82], and adaptive and hybrid artificial bee colony
algorithm (aABC) [83].

In heuristic-derivative based hybrid approach, the premise
parameter set is trained with the heuristic algorithm while the
consequence parameter set is trained with derivative algorithm.
The commonly used heuristic algorithms used in hybrid training
algorithms include GA and PSO. LSE and BP/GD are the most
common derivative based algorithms used in hybrid training al-
gorithms. Recently, new versions of hybrid algorithms have been
reported that couples classic ANFIS with metaheuristic algorithms
such as whale optimization algorithm (WOA), krill heard algorithm
(KHA), shuffled frog leaping algorithm (SFLA), grey wolf optimiza-
tion (GWO), invasive weed optimization (IWO) [57—61]. Heuristic-
derivative based hybrid approaches have been very successful
because they employ the advantages of heuristic and derivative
based algorithms [49].

4. Methodology
4.1. Data collection and description

The collection of representative dataset is the initial and key
stage in machine learning model development. 1001 open-sourced
well data points were employed in constructing this study's ANFIS
visible mathematical model for predicting FBHP. 795 and 206 well
data points were collected from the thesis of Al-Shammari [56] and
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Ayoub [63] respectively.

1207 well data points were gathered by Al-Shammari [56] from
Middle East fields and preprocessed to exclude inaccurate data
points. This was achieved by using existing empirical correlations
and excluding data points with an arithmetic average error greater
than 15%. This resulted in the reduction of the data points to 795.
The [56] dataset consists of eight independent input parameters
and one dependent output parameter. The independent input pa-
rameters include well bottom-hole temperature (WBHT), internal
diameter of tubing (ID), oil API gravity (API), well perforation depth
(WPD), gas flow rate (GFR), oil flow rate (OFR), water flow rate
(WFR), and wellhead pressure (WHP) [48]. The dependent output
parameter is flowing bottom-hole pressure (FBHP).

386 well data points were gathered by Ayoub[63] from Middle
East fields. The authors then employed empirical correlations and
mechanistic models to exclude unrepresentative data points. This
resulted in the reduction of the data points to 206. The Ayoub [63]
well dataset is made up of nine independent input parameters and
one dependent output parameter. The independent input param-
eters include wellhead temperature (WHT) and the [56] dataset's
eight independent input parameters. FBHP is the output production
parameter.

In the present study, WHT was removed from the Ayoub [63]
dataset and the resulting dataset was combined with the [56]
dataset. We divided the combined dataset into two sets; 798 data
points for training and 203 for testing. Tables 1 and 2 show the
statistical analysis of the training and testing datasets respectively.
Notice that the parameter ranges of the testing dataset are within
the training dataset parameter ranges.

4.2. Feature selection

Feature selection is the process of extracting the significant
features for use in predictive model creation. The objective of
feature selection is to improve the prediction performance of the
model while reducing the modelling cost. Feature selection
methods can be subdivided into supervised and unsupervised
methods. Unsupervised feature selection methods are used for the
removal of redundant input variables by ignoring the output vari-
able. Supervised feature selection methods are used for the removal
of irrelevant variables with the aid of the output variable. The
classes of supervised feature selection methods include filter,
wrapper, and intrinsic feature selection methods [84].

The training dataset as summarized in Table 1 contain eight
independent input production parameters. Using too many input
parameters in developing the model will require large system
memory which can slow the model development and training.
There is therefore the need to perform feature selection to exclude
the insignificant independent input parameters so that the model
can run efficiently.

In this study, the first step in feature selection is to choose the
feature selection method. The Pearson's correlation coefficient is
chosen because the inputs and output of the training dataset are
numerical. Data analysis toolpak in excel was used to plot the
Pearson's correlation matrix of all variables in the training dataset
as shown in Table 3.

To perform the feature selection, we defined a threshold cor-
relation coefficient (TCC) between the independent and dependent
parameters. This TCC was determined with the aid of Eq. (6) and the
table of critical values for Pearson's correlation coefficient (Table 4)
at a significance level of 5% («=0.05) [85]. For the removal of
irrelevant parameters, the following criterion is used. If the CC
between any of the independent parameters and the dependent
parameter is less than the defined TCC, then the said independent
parameter is irrelevant and is thus removed.
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Table 1
Training dataset statistical analysis (798 data points).
S/N Parameters Units Min Max Average STD
1 Wellhead pressure (WHP) psia 80.00 1550.00 409.51 241.93
2 Water flow rate (WFR) stb/d 0.00 11395.00 2300.56 2413.62
3 Oil flow rate (OFR) stb/d 176.00 19618.00 5615.47 4013.53
4 Gas flow rate (GFR) Mscf/d 9.00 17859.00 2843.64 2556.03
5 Well perforation depth (WPD) feet 4243.00 8620.00 6328.57 527.27
6 Oil API gravity (API) °API 25.40 47.50 33.85 3.09
7 Internal diameter of tubing (ID) inch 1.995 6.276 3.942 0.559
8 Well bottom-hole temperature (WBHT) °F 157.00 233.00 209.11 18.89
9 Flowing bottom-hole pressure (FBHP) psia 1198.00 3698.00 2489.75 371.93
Table 2
Testing dataset statistical (203 data points).
S/N Parameters Units Min Max Average STD
1 Wellhead pressure (WHP) psia 95.00 1350.00 375.81 231.79
2 Water flow rate (WFR) stb/d 0.00 10500.00 2371.86 2412.06
3 Oil flow rate (OFR) stb/d 469.00 17243.00 5576.73 3908.91
4 Gas flow rate (GFR) Mscf/d 75.20 12586.00 2858.66 2505.96
5 Well perforation depth (WPD) feet 4550.00 7151.00 6353.78 514.86
6 Oil API gravity (API) °API 27.60 42.50 33.82 2.39
7 Internal diameter of tubing (ID) inch 1.995 6.276 3.880 0.448
8 Well bottom-hole temperature (WBHT) °F 160.00 225.00 208.01 15.15
9 Flowing bottom-hole pressure (FBHP) psia 1227.00 3325.00 2410.62 362.67
when the training dataset contains input parameters of different
df =n—2 (6) scales and units. Table 1 clearly shows that the training dataset

where df is the degree of freedom and n is the number of data
points.

For the current study, the number of data points, n in the
training dataset is equal to 798 which gives a degree of freedom, df
of 796 which is approximately equal to 800. From Table 4, the
critical value at df=800 and «=0.05 is 0.069234. This critical value
of 0.069234 is the TCC between the independent and dependent
parameters.

As shown in Table 3, all the input parameters with exception of
gas flow rate (GFR) exhibited an absolute value of CC with FBHP
greater than the defined TCC of 0.069234. This implies that GFR is
an irrelevant parameter and is thus removed. This shows that seven
out of the eight input parameters are correlated to the FBHP.
However, all eight input parameters will be included in the model
development since all these parameters are known to affect FBHP
in reality.

4.3. Feature scaling

Feature scaling is a data preprocessing method used in ma-
chine learning to normalize features in a dataset to be in the same
range. This will ensure that no feature dominates other features
during the training of the dataset. Feature scaling is recommended

Table 3

Pearson's correlation matrix of all production parameters in the training dataset.
WHP  WEFR OFR GFR WPD API ID WBHT FBHP

WHP  1.00

WFR -0.23 1.00

OFR -0.07 -0.16 1.00

GFR 0.06 0.01 0.83 1.00

WPD  0.02 0.31 0.14 023 1.00

API 0.41 0.22 0.21 044 037 1.00

ID 0.04 0.12 0.26 0.19 000 0.00 1.00

WBHT 0.11 0.32 022 031 050 0.67 0.03 1.00

FBHP  0.51 0.38 -0.11 0.02 050 043 -0.08 0.34 1.00
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contains input parameters of different scales and units, hence,
feature selection is recommended. Feature scaling methods
commonly used include scaling to unit length, standardization,
mean normalization and min-max normalization. For the present
study, we adopted min-max normalization given in Eq. (7) and
used it to normalize the eight independent input parameters and
the dependent output parameter ranges to lie between 0 and +1.
The authors of this study also found that the model developed
with a normalized dataset outperformed the model developed
with the actual dataset ranges.

o X — Xmin

Xinax — Xmin

Xn(o:1) (7)

where X;q.1) is the normalized parameter value, X is the original
parameter value, X;,;, is the parameter minimum value given in
column 4 of Table 1 and Xpgx is the parameter maximum value
given in column 5 of Table 1.

4.4. ANFIS black-box model development

The ANFIS model for FBHP prediction was built and optimized
using MATLAB in this study. As already mentioned, a total of 1001
data points collected from open-sources were used in developing
the present ANFIS model. The dataset was divided into two sets;
798 data points for training (80%) and 203 (20%) for testing. This
division ensured that the data ranges of the testing dataset were
within that of the training dataset. The model was developed with
the eight input parameters.

Subtractive  clustering was used to generate the
Takagi—Sugeno fuzzy inference system (FIS). To obtain an
optimal Takagi—Sugeno FIS, a total of twenty-eight
Takagi—Sugeno FIS as shown in Table 5 were created, each
defined by a range of influence (RI) ranging from 0.3 to 0.95
(column 2) and type of training dataset (column 3). Each of
these FIS was optimized with a hybrid optimization method
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Table 4
Table of critical values for Pearson's correlation coefficient.
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df 0.2 0.1 0.05 0.02 0.01 0.001

1 0.951057 0.987688 0.996917 0.999507 0.999877 0.999999
2 0.800000 0.900000 0.950000 0.980000 0.990000 0.999000
3 0.687049 0.805384 0.878339 0.934333 0.958735 0.991139
4 0.608400 0.729299 0.811401 0.882194 0.917200 0.974068
5 0.550863 0.694390 0.754492 0.832874 0.874526 0.950883
6 0.506727 0.621489 0.706734 0.788720 0.834342 0.924904
7 0.471589 0.582206 0.666384 0.749776 0.797681 0.898260
8 0.442796 0.519357 0.631897 0.715459 0.764592 0.872115
9 0.418662 0.521404 0.060207 0.685095 0.734786 0.847047
10 0398062 0.497265 0.575983 0.658070 0.707888  0.823305
11 0.380216 0.476156 0.552943 0.633863 0.683528 0.800962
12 0.364562 0.575000 0.532413 0.612047 0.661376 0.779998
13 0.350688 0.440861 0.513977 0.582270 0.641145 0.760351
14 0.338282 0.425902 0.497309 0.574245 0.622591 0.741934
15 0.327101 0.412360 0.482146 0.557737 0.605506 0.724657
16 0.316958 0.400027 0.468277 0.542548 0.589714 0.708429
17 0.307702 0.388733 0.455310 0.528517 0.575067 0.693163
18 0.299210 0.378341 0.443763 0.515505 0.561435 0.678781
19 0.291384 0.368737 0.432858 0.503397 0.548711 0.665208
20 0.284140 0.598270 0.422714 0.492094 0.536800 0.652378
21 0.277411 0.351531 0.413247 0.481512 0.525620 0.640230
22 0.271137 0.343783 0.404386 0.471579 0.515101 0.628710
23 0.265270 0.336524 0.396070 0.462231 0.505182 0.617768
24 0.259768 0.329705 0.388244 0.453413 0.495808 0.607360
25 0.254594 0.323283 0.380863 0.445078 0.486932 0.597446
26 0.249717 0317223 0373866 0.437184 0.478511 0.587988
27 0.245110 0311490 0.367278 0.429693 0.470509 0.578956
28 0.240749 0.306057 0.361007 0.422572 0.462892 0.570317
29 0.236612 0.300898 0.355046 0.415792 0.455631 0.562047
30 0232681 0.295991 0.349370 0.409327 0.448699 0.554119
35 0.215598 0.274611 0.324573 0.380976 0.418211 0.518898
40 0.201796 0.257278 0.304396 0.357787 0.393174 0.489570
45 0.190345 0.242859 0.287563 0.338367 0.372142 0.464673
50 0.180644 0.230620 0.273243 0.321796 0.354153  0.443201
60 0.164997 0.210832 0.250035 0.294846 0.324818 0.407865
70 0.152818 0.195394 0.231883 0.273695 0.301734 0.379799
80 0.142990 0.182916 0.217185 0.256525 0.282958 0.356816
90 0.134844 0.172558 0.204968 0.242227 0.267298 0.337549
100 0.127947 0.163782 0.194604 0.230079 0.253979 0.321095
125 0.114477 0.146617 0.174308 0.206245 0.227807 0.288602
150 0.104525 0.133919 0.159273 0.188552 0.208349 0.264316
175 0.096787 0.124036  0.147558 0.174749 0.193153  0.245280
200 0.090546 0.116060 0.138098 0.163592 0.180860 0.229840
250 0.081000 0.103852 0.123607 0.146483 0.161994 0.206079
300 0.073951 0.094831 0.112891 0.133819 0.148019 0.188431
350 0.068470 0.087814 0.104551 0.123957 0.137131 0.174657
400 0.060391 0.082155 0.097824 0.115997 0.128339 0.163520
450 0.057294 0.077466 0.092248 0.109397 0.121046 0.154273
500 0.057294 0.073497 0.087528 0.103808 0.114870 0.146436
600 0.052305 0.067103 0.079920 0.094798 0.104911 0.133787
700 0.048427 0.062132 0.074004 0.087789 0.097161 0.123935
800 0.045301 0.058123 0.069234 0.082135 0.090909 0.115981
900 0.042711 0.054802 0.065281 0.077450 0.085727 0.109385
1000 0.040520 0.051993 0.061935 0.073484 0.081340 0.103800
1500 0.033309 0.042458 0.050582 0.060022 0.066445 0.084822
2000 0.028654 0.036772 0.043811 0.051990 0.057557 0.073488
3000 0.023397 0.030027 0.035775 0.042457 0.047006 0.060027
4000 0.020262 0.026005 0.030984 0.036773 0.040713  0.051996
5000 0.018123 0.023260 0.027714 0.032892 0.036417 0.046512

because of the minimum error produced as compared to the
backpropagation optimization method. The hybrid optimization
method used in this study is derivative based hybrid optimation
algorithm reffered to as hybrid learning (HL). In HL, the premise
parameter set is trained using backpropagation gradient descent
(BP/GD) while the consequence parameter set is determined
with least square estimation (LSE). In other versions of deriva-
tive based hybrid algorithms, the premise parameter set is
trained with BP/GD while the consequence parameter set is
estimated with either recursive least square estimation (RLSE)
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[73], Levenberg-Marquardt (LM) [74], Kalman filter (KF) [75], or
Extended Kalman filter (EKF) [76]. It has been reported that HL
used in the present study provides better performance than
most of the derivative based training approaches [49].

At the end of the training of each of the twenty-eight FIS, the
1001 normalized inputs are used in the FIS to compute the
normalized FBHP. Eq. (8) was then used to de-normalize the
normalized FBHP to obtain the predicted FBHP.
FBHP = FBHPyo.1) (FBHPmax — FBHP i, ) + FBHPppjp (8)
where FBHPy .1y is the normalized predicted FBHP, FBHP is the
actual predicted FBHP, FBHP,,x is the maximum FBHP (3698 psia)
and FBHP,,;,, is the minimum FBHP (1198 psia).

Three statistical indicators (relative performance factor, root
mean square error and correlation coefficient) were used in this
study for the selection of the optimum FIS. The relative perfor-
mance factor, Fp is given in Eq. (9) and is recommended for com-
parison between a group of models [2] with a value of zero and six
for the best-performing and worst-performing models respectively.
The root mean square error, Eyps is given in Eq. (10) with the
minimum and maximum values representing the best-performing
and worst-performing models respectively. The correlation coeffi-
cient is given in Eq. (11) with the minimum and maximum values
representing worst-performing and best-performing models
respectively.

F, - Eil = E1 Ez — Exmin E3 — E3min

P |E1max| - |E1min| EZmax - EZmin E3max - E3min (9)

|E4| — |E4min| Es —Esmin |, E6 — Eomin

‘El max| - ‘E4min‘ ESmax - ESmin E6max —Eg
(10)
(11)
(12)
(13)
i 1 n 14
1= > e (14)
E = L[S 15
27h Zi:l' ril (15)
(16)
Y el 17
4 _H Zi:lel ( )
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Table 5
28 different Takagi—Sugeno FIS structures and their performances.
S/N Range of influence Training data type Ey (%) Ey (%) E3 (%) E4 (psia) Es (psia) Eg (psia) Fip Erms R
1 0.30 Real 0.755 4.662 23.670 7.358 93.058 2939.592 0.424 0.066 0.899
2 0.30 Normalized 0.729 4.579 22.845 7.322 91.287 2885.593 0.245 0.065 0.902
3 0.35 Real 0.794 4.825 24.891 7.905 96.699 3059.227 0.878 0.067 0.894
4 035 Normalized 0.710 4.721 22.249 7.009 94.605 2998.340 0.288 0.066 0.899
5 0.40 Real 0.828 5.131 25.957 7.535 102.336 3227.437 1.192 0.070 0.886
6 0.40 Normalized 0.699 4.906 21.897 6.723 97.881 3093.118 0.366 0.068 0.893
7 0.45 Real 0.940 5.546 29.473 8.903 111.383 3504.610 2.359 0.075 0.865
8 0.45 Normalized 0.853 5.029 26.728 8.990 101.120 3179.701 1.561 0.070 0.884
9 0.50 Real 0917 5.468 28.743 9.080 109.403 3440.239 2.236 0.074 0.869
10 0.50 Normalized 0.894 5.397 28.017 8.992 108.036 3396.833 2.070 0.073 0.874
1 0.55 Real 1.066 5.801 33.398 9.704 115.459 3626.015 3.167 0.079 0.856
12 0.55 Normalized 0.869 5.094 27.231 8.456 102.193 3220.350 1.532 0.069 0.887
13 0.60 Real 1.090 5.781 34.160 9.919 115.946 3649.785 3.309 0.077 0.851
14 0.60 Normalized 0.872 5.079 27.340 8.810 102.188 3220.219 1.631 0.068 0.887
15 0.65 Real 1.140 5.926 35.727 10.474 118.861 3735.986 3.756 0.079 0.845
16 0.65 Normalized 0.940 5.077 29.469 9.605 101.191 3191.107 1.998 0.072 0.884
17 0.70 Real 1.107 5.882 34.678 10.116 117.620 3702.978 3.508 0.079 0.851
18 0.70 Normalized 0.923 5.065 28.934 9.334 100.907 3178.196 1.861 0.072 0.885
19 0.75 Real 1.115 5.857 34.934 10.469 117.524 3695.377 3.609 0.078 0.852
20 0.75 Normalized 0.894 5.018 28.016 9.505 100.850 3176.266 1.804 0.068 0.886
21 0.80 Real 1.407 7.274 44.096 10.301 145.510 4580.335 5.954 0.096 0.770
22 0.80 Normalized 0.956 5.478 29.974 8.652 109.489 3459.954 2251 0.073 0.870
23 0.85 Real 1.404 7.258 44.013 10.387 145.171 4569.294 5.951 0.096 0.772
24 0.85 Normalized 0.957 5.475 29.991 8.701 109.452 3457.694 2262 0.073 0.870
25 0.90 Real 1.388 7.255 43.482 10.124 145.219 4568.888 5.833 0.096 0.771
26 0.90 Normalized 0.950 5.464 29.771 8.584 109.058 3448.434 2.194 0.073 0.871
27 0.95 Real 1.180 7.143 36.978 7.461 142.404 4496.656 4.401 0.095 0.781
28 0.95 Normalized 0.957 5.470 30.005 8.809 109.395 3457.103 2289 0.073 0.870
The structure of the developed ANFIS model for FBHP prediction
18 is shown in Fig. 1. The model can be used to predict the FBHP of any
(18) production well as long as the eight input parameters used are
within the training dataset range (see Table 1). The drawback of the
ANFIS model is that it cannot be applied to accurately predict the
FBHP of a well data point whose range is not within the training
(19) dataset range (see Table 1).
3 . 4.5. ANFIS model test
€imeas = Apimeas = APimeas (20)
After training and selection of the optimum ANFIS structure,
o 1/ training and testing datasets were applied to the optimum ANFIS
ADimeas =0 (Z Apl-mm> (21) structure to evaluatt? its p.redlctlon.accuracy. As shown in Figs. 2
i=1 and 3, cross-plots with a line of unit slope were used to compare

where R is the correlation coefficient, E;ns is the root mean square
error, Frp is the relative performance factor, Ap; , is the predicted

pressure drop, Ap; . is the measured pressure drop, ADimeas iS
average measured pressure drop, €, iS the average change in
measured pressure drop, Eg is the standard deviation, Es is the
absolute average error, E4 is the average error, E3 is the percent
standard deviation, E; is the absolute average percent error, E; is
the average percent error, e; is the actual error, and e,; is the relative
error.

The statistical performance analysis of the twenty-eight
different Takagi—Sugeno FIS are summarized in Table 5. As shown
in Table 5, the FIS with a 0.3 range of influence and trained with
normalized dataset achieved the minimum root mean square error
of 0.065, minimum relative performance factor of 0.245, and
maximum correlation coefficient of 0.902. The optimum FIS con-
sists of 8 inputs, 19 Gaussian input membership functions, 19 rules,
19 linear output membership functions, and one output. Table 5
also clearly shows that for each range of influence, the FIS trained
with normalized datasets performed better than the FIS trained
with real datasets.
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the prediction performance of the proposed ANFIS model based on
the training and testing datasets respectively. The closer the cross-
plots are to the line of unit slope, the better is the correlation of the
predicted FBHP and the measured FBHP [63]. Figs. 2 and 3 clearly
show that the developed ANFIS model predicts the FBHP with
higher accuracy since most of the cross-plots are very close to the
unit slope line. As shown in Fig. 4, the testing dataset, showed a
greater deviation from the unit slope line because it was not seen
during the training of the model.

4.6. ANFIS white-box model development

The Al-Shammari [8,56] ANFIS model for FBHP prediction was
developed and presented without any visible mathematical equa-
tion. This made the use of his model on new datasets difficult.
Similarly, in section 4.4, this study's ANFIS model for FBHP pre-
diction was developed and presented without any visible mathe-
matical equation (black-box). This also makes its use on new
datasets difficult. There is therefore the need to extract the tuned
premise and consequence parameter sets of the trained ANFIS
black-box model and use them to implement the ANFIS white-box
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Fig. 1. Developed ANFIS model structure with 8 inputs, 19 IMFs, 19 rules, 19 OMFs, and 1 output.
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Fig. 2. Measured and predicted FBHP cross-plots with line of unit slope for the training dataset (798 datasets).

model. The extracted consequence and premise parameter sets of
the developed ANFIS black-box model are shown in Tables 6 and 7
respectively. The development of the ANFIS white-box model is
described next.

First in developing the ANFIS white-box model, the variables
X(1),X(2), X(3), X(4), X(5), X(6), X(7), and X(8) were set to repre-
sent the input parameters; WHP, WER, OFR, GFR, WPD, AP], ID, and
WBHT respectively. Eq. (7) was employed in normalizing the
dataset employed in the ANFIS black-box model development to lie

O Testing dataset
4000

3500
3000 |
2500 |
2000 |

1500

between 0 and 1. We followed a similar approach in developing the
ANFIS white-box model, where Eq. (7) was used to normalize the
inputs to lie between 0 and 1.

In layer 1, the Gaussian membership function (gaussmf) was
used to compute the membership degree of each normalized input
with the aid of Eq. (22). We followed a similar approach in devel-
oping the ANFIS white-box model, where 19 different membership
degrees, u(i,j) are computed for each normalized input with the aid
of the gaussmf equation a defined in Eq. (22).

e [nit slope line

1000 k h
1000 1500 2000

Predicted flowing bottom-hole pressure / psia

2500 3000 3500 4000

Measured flowing bottom-hole pressure / psia

Fig. 3. Measured and predicted FBHP cross-plots with line of unit slope for the testing dataset (203 datasets).
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Fig. 4. Flowchart for FBHP prediction with the ANFIS visible mathematical model.

Xn(j) — C(0.J)

2
,u(i,j)exp{—O.S( i ) ] (i=1:19;j=1:8)

(22)

where u(i,j) is the membership degree for each normalized input
Xn(1) through X, (8), c(i, 1) through c(i, 8) listed in Table 7 are the
ith premise parameter c related to the normalized X,(1) through
Xn(8) respectively, and (i, 1) through ¢(i, 8) listed in Table 7 are the
ith premise parameter ¢ related to the normalized inputs X, (1)
through X;,(8) respectively.

In layer 2, the membership degrees computed in Layer 1 were
multiplied to obtain firing strengths for the rules. We followed a
similar approach here in developing the ANFIS white-box model,
where Eq. (23) was used to compute 19 different firing strengths.

W(i) = u(

(

where W(i) is the firing strength of the ith membership function
and u(i,1) through u(i,8) are the ith membership degree for
normalized inputs X, (1) through X;(8).

In layer 3, the normalized firing strengths were computed by
dividing each value of firing strength by the total firing strength. The
same approach is followed in the ANFIS white-box model devel-
opment, where 19 different normalized firing strengths are

(i, 2)u(i, 3)u(i, H)p(i, S)udi, 6)u(i, 7)

i, 1)u(
i,8),(i=1:19) (23)

U
I
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computed by dividing each of the 19 firing strengths by the sum of
the 19 firing strengths computed in layer 2 as given in Eq. (24).
W(i)

W)

In layer 4, the normalized firing strengths from layer 3 were
defuzzified with the aid of the consequence parameter set. Same
approach is followed here as shown in Eq. (25), where normalized
firing strengths are defuzzified with the aid of the consequence
parameter set as listed in Table 6.

W(i) = (24)

WS (i) =W D) [p)Xn(1) + q)Xn(2) + () Xn(3)
+5()Xn(4) + £()Xn(5) + u(D)Xn(6) + v(D)Xn(7)
+Y()Xn(8) +2(i)], (i=1:19)
(25)

where W (i) is the normalized firing strength of the ith membership
function, X, (1), Xn(2), Xn(3), Xn(4), Xn(5), Xn(6), Xn(7), and X, (8) are
the normalized WHP,, WFR,,, OFR,, GFR,,, WPD,,, API,, ID;,, and
WBHT, respectively, p(i), q(i), r(i), s(i), t(i), u(i), v(i), and y(i) are the
consequence parameters related to the normalized WHP,,, WFR;,
OFR;, GFRy, WPDy, API,, ID,, and WBHT,, respectively, and z(i) is the
bias of the consequent parameter set.

In layer 5, the defuzzified values are summed up to obtain the
normalized FBHP. Same approach is followed here, where the 19
different defuzzified values are summed up as shown in Eq. (26) to
obtain the normalized FBHP. Finally, the normalized FBHP was de-
normalized to lie in the range between the minimum and
maximum training FBHPs. A similar approach is followed here in
computing the predicted FBHP as shown in Eq. (8).

FBHP, = 3. ° [W(i)f (i)] (26)

The proposed ANFIS visible mathematical FBHP prediction
model was also implemented in Microsoft Office Excel and included
in the supplementary material. The Excel spreadsheet ANFIS visible
mathematic model for FBHP prediction is user-friendly and can
easily be used for real-time and accurate predictions of FBHP
especially in wellbores that do not have a downhole gauge. The
flowchart for predicting FBHP from real-time well data points with
the ANFIS visible mathematical model is depicted in Fig. 4.

5. Results and discussion

This study's ANFIS visible mathematical FBHP prediction model
is assessed by performing trend, statistical error, and graphical er-
ror analyses. First, trend analysis was carried out to investigate if
each input parameter's effect on FBHP are simulated accurately by
the ANFIS visible mathematical model. Second, statistical and
graphical error analyses are used in comparing the predictive per-
formance of the ANFIS visible mathematical model against three
mechanistic models, three empirical correlations, one ANN-based
model and one ANFIS-based model.

5.1 Trend analysis

As already mentioned, trend analysis was conducted in this
study to verify if the ANFIS visible mathematical model correctly
simulates the effect of each input parameter on FBHP. This was
accomplished by preparing synthetic dataset for each of the
input parameters. Each synthetic dataset was prepared by
varying one of the input parameters while other input param-
eters were kept constant. The constant parameters for each
synthetic dataset are as given in Table 1, column 6. The trend
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Table 6
Extracted consequence parameter set {p, q, 1, s, t, u, v, y, and z} of layer 4 used in Eq. (25).

Consequence parameter set

WHP, WEFRy, OFR;, GFR; WPD, API, ID, WBHT, BIAS

MF p(i) q(i) r(i) s(i) t(i) u(i) v(i) y(@) 2(i)

1 0.838 0.416 0.210 -0.170 0.334 0.895 -1.255 —0.006 0.209
2 0.667 —0.066 0.456 -0.384 0.356 0.052 -0.737 —-0.282 0.512
3 0.377 0.205 0.086 —-1.044 0.220 0.188 1.093 -0.115 -0.220
4 -0.141 -0.437 2.310 1.397 0.298 0.979 0.136 -0.189 -0.437
5 0.430 0.659 0.594 —0.206 0.465 0.210 -0.324 0.043 —0.146
6 —0.055 —0.086 0.945 —2.488 0515 -0.327 1.621 0.111 -0.327
7 0.688 0.405 0.249 —0.943 0518 1.144 -0.124 0.119 -0.299
8 0.401 0.357 —0.044 —1.466 0.133 0.208 0.895 0.221 -0.137
9 0.995 —-0.201 1.891 -0.157 0.907 0.321 0.033 -0.416 -0.522
10 0.701 1.952 0416 -1.830 0.436 0.089 —-0.507 0.085 0.226
11 0.735 0.150 -0.379 0.601 0.950 0.054 0.720 0.078 -0.478
12 0.388 0.182 0.330 -0.241 0.431 0.198 -0.158 -0.104 0.187
13 —-0.985 0.492 2.096 -2.597 —2.448 -0.979 —1.146 0.842 2.603
14 0.360 0.325 0.045 —0.090 0.511 -0.177 —0.140 —-0.025 0.397
15 0.427 0.417 -0.159 -0.137 0.805 —1.046 -1.261 0.524 0.680
16 0.928 0.800 0.001 —-0.481 0.721 -0.014 -0.477 0.167 —0.068
17 —0.541 0.761 0.014 -1.050 0.234 0.021 0.067 —-0.275 0.884
18 0.397 0.030 —0.038 0.075 1.012 0.788 -0.259 0.789 -0.995
19 0.423 0477 0.322 -0.309 0.359 -0.335 -0.492 —0.094 0.533

Table 7

Extracted premise parameter set (¢, ¢) of layer 1 used in Eq. (22).

Premise parameter set

WHP WEFR OFR GFR WPD AP D WBHT
MFs  o(i,1)  ci1) o2 ci2)  o@3)  ci3) o4 ci4) o5 ci5  oi,6) ci6) o(,7) ci7) oG8  c(i8)
1 0107 0156 0103  0.132 0105 0212 0105 0111 0108 0460 0105 0362 0099 0468 0110  0.789
2 0107 0149 0107 0160 0108 0471 0104 0239 0107 0505 0105 0361 0098 0467 0107  0.789
3 0106 0177 0105 0012 0107 0141 0106 0016 0106 0230 0106 0099 0106 0468 0106  0.039
4 0.105 0098 0106 0436 0103 0125 0.103 0077 0094 0499 0105 0362 0103 0455 0106  0.792
5 0107 0109 0107 0038 0107 0663 0106 0324 0106 0472 0105 0361 0112 0460 0106  0.789
6 0106 0242 0111 0218 0109 0082 0105 0041 0110 0478 0.104 0360 0100 0470 0111  0.787
7 0106 0143 0106 0001 0105 0328 0.106 0176 0104 0494 0108 0286 0116 0470 0107  0.566
8 0110 0164 0107 0000 0104 0090 0.106 0014 0108 0439 0107 0100 0106 0468  0.106  0.040
9 0110 0096 0105 0358 0106 0366 0.108 0207 0106 0521 0108 0363 0107 0459 0107  0.790

10 0.107 0.421 0.107 0.082 0.106 0.125 0.106 0.062 0.111 0.521 0.101 0.358 0.103 0.463 0.097 0.791
11 0.107 0.099 0.110 0.794 0.107 0.213 0.107 0.148 0.106 0.556 0.106 0.362 0.106 0.459 0.106 0.789
12 0.106 0.184 0.107 0.178 0.107 0.686 0.106 0.400 0.106 0.567 0.105 0.539 0.105 0.468 0.108 0.894
13 0.107 0.153 0.104 0.452 0.107 0.019 0.108 0.022 0.113 0.572 0.108 0.363 0.113 0.471 0.111 0.787
14 0.100 0.545 0.107 0.051 0.103 0.413 0.106 0.168 0.100 0.498 0.104 0.539 0.108 0.459 0.111 0.894
15 0.104 0.142 0.105 0.435 0.106 0314 0.106 0.201 0.105 0.536 0.107 0.538 0.101 0.468 0.106 0.895
16 0.108 0.103 0.107 0.167 0.108 0.056 0.107 0.023 0.106 0.489 0.108 0.363 0.106 0.104 0.106 0.790
17 0.106 0.443 0.111 0.309 0.105 0.078 0.105 0.068 0.102 0.538 0.111 0.366 0.118 0.463 0.088 0.796
18 0.105 0.095 0.108 0.681 0.106 0.418 0.107 0.308 0.106 0.554 0.106 0.538 0.106 0.459 0.106 0.895
19 0.109 0.423 0.103 0.032 0.107 0.368 0.107 0.180 0.108 0.394 0.109 0.363 0.098 0.467 0.108 0.789

analysis was carried out to investigate the effects of each of the 0= Present study ~0— Modified Beges & Brill (1973)
eight input parameters on FBHP. For qualitative comparison, the
trend analysis was performed for the proposed ANFIS visible
mathematical model and one industry standard method for
multiphase pipe flow modelling, e.g., modified Beggs & Brill [29]
correlation.

WHP effect on FBHP is as shown in Fig. 5, where FBHP is
increased following an increase in WHP for the proposed ANFIS
visible mathematical model and the industry standard multiphase
flow modelling correlation. This trend is justified by the general
equation for the computation of FBHP from WHP as given in
Eq. (26a). As shown in Eq. (26a), the FBHP is directly proportional to
the WHP, which implies that an increase in WHP will increase FBHP.
This proves that the proposed ANFIS visible mathematical model
correctly simulates the increase in FBHP with an increase in WHP.

00 1 1 1 1 1 1 1 1 1 ]
400 500 600 700 800 900 1000 1100 1200 1300 1400
Wellhead pressure/psia

Predicted flowing bottom-hole pressure / psia

Fig. 5. Trend of FBHP for varying values of WHP.
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d
Pwf =DPwh + Z?:l [(d_ll?) ‘Li:| =Pwh +Apr (26a)
i

where p, is the FBHP, p,, is the WHP, (‘é—f)i is the pressure

gradient for each tubing segment, Apr is the total pressure drop
(TPD), and L; is the ith tubing segment length.

WEFR effect on FBHP is as shown in Fig. 6, where FBHP is
increased as expected following an increase in WFR for the pro-
posed ANFIS visible mathematical model and the industry standard
multiphase flow modelling correlation. This trend is justified by the
equations for the computation of no-slip liquid holdup (input liquid
content), no-slip density, total pressure gradient, and FBHP as given
by Egs. (26)—(29) respectively. These equations clearly show that
increasing WEFR results in an indirect increase in FBHP. Fig. 6 and
Eqs. (26)—(29) clearly show that the proposed ANFIS visible
mathematical model correctly simulates the increase in FBHP with
an increase in WFR.

AL _ qL _ Jo + qw (27)
qr+d4g dg+do+ qw
Pmn = ALpr + (1= AL)pg (28)
dp\ g . SorPmnVin
(E)i —gpmn sin 0 + “gd (29)

where /; is the no-slip liquid holdup, g, is the oil flow rate, gy, is the
water flow rate, g is the gas flow rate, g is the liquid flow rate, p, is
the gas density, p; is the liquid density, p,,, is the no-slip mixture
density, vy, is the mixture velocity, for is the two-phase friction
factor, and d is the tubing diameter.

The effect of OFR on FBHP is as shown in Fig. 7, where FBHP is
increased following an increase in OFR for the proposed ANFIS
visible mathematical model and the industry standard multiphase
flow modelling correlation. This trend is also justified by the no-slip
liquid holdup, no-slip density, ith tubing segment pressure
gradient, and FBHP equations as given by Egs. (26)—(29)

«@=Present Study «@= Modified Beggs & Brill (1973)

Predicted flowing bottom-hole
pressure/psia
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Fig. 6. Trend of FBHP for varying values of WFR.
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Fig. 7. Trend of FBHP for varying values of OFR.
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respectively. It is evident from these equations that FBHP is
increased indirectly following an increase in OFR. Hence, Fig. 7 and
Eqs. (26)—(29) clearly show that the proposed ANFIS visible
mathematical model correctly simulates the anticipated increase in
FBHP following an increase in OFR.

GFR effect on FBHP is as shown in Fig. 8, where the FBHP is
decreased following an increase in GFR for the proposed ANFIS
visible mathematical model and the industry standard multiphase
flow modelling correlation. This trend is justified by Egs. (26)—(29)
used for computation of no-slip liquid holdup, no-slip density, ith
tubing segment pressure gradient, and FBHP respectively. It is
evident from these equations that FBHP is inversely proportional to
GFR. Fig. 8 and Egs. (26)—(29) indicate that the proposed ANFIS
visible mathematical model correctly simulates the anticipated
decrease in FBHP as GFR increases.

WPD effect on FBHP is as shown in Fig. 9, where FBHP is
increased as WPD increases for the proposed ANFIS visible math-
ematical model and the industry standard multiphase flow
modelling correlation. This trend is justified by the equation for the
computation of FBHP as given by Eq. (26). Remember that WPD is
the algebraic sum of ; and that L; is increased following an increase
in WPD. As shown in Eq. (26), L; is directly proportional to FBHP.
Hence, Fig. 9 and Eq. (26) show that the proposed ANFIS visible
mathematical model correctly simulates the expected increase in
FBHP following an increase in WPD.

API effect on FBHP is as shown in Fig. 10, where FBHP increases
slightly to a maximum value and then decreases sharply as API
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Fig. 8. Trend of FBHP for varying values of GFR.
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increases further. The sharp decrease in FBHP from a maximum API
of 38.85 is justified by the fact that at an API greater than 39, a high
percent of lighter hydrocarbons are dissolved in the oil. This will
aerate the fluid column with a resulting sharp decrease in FBHP as
API increases. This clearly shows that the proposed ANFIS visible
mathematical model correctly simulates the expected initial slight
increase in FBHP up to a maximum value followed by a sharp
decrease in FBHP with a further increase in APIL. As shown in Fig. 10,
FBHP remained approximately constant with increase in API for the
industry standard modified Beggs & Brill [29] correlation.

ID effect on FBHP is as shown in Fig. 11, where FBHP is
decreasing with increase in ID for the proposed ANFIS visible
mathematical model and the industry standard multiphase flow
modelling correlation. This trend is justified by Egs. (26)—(29) used
for the computation of the ith tubing segment pressure gradient
and FBHP respectively. It is evident from Eq. (29) that the ith tubing
segment pressure gradient is inversely proportional to ID. It is also
evident from Eq. (26) that FBHP is directly proportional to the ith
tubing segment pressure gradient. These imply that FBHP is
inversely proportional to ID. Hence, Fig. 11 and Egs. (26)—(29)
clearly show that the proposed ANFIS visible mathematical model
correctly simulates the expected decrease in FBHP as ID increases.

WBHT effect on FBHP is as shown in Fig. 12, where FBHP is
decreasing with increase in WBHT for the proposed ANFIS visible
mathematical model and the industry standard multiphase flow
modelling correlation. This is justified first by the fact that WBHT is
inversely proportional to liquid holdup. Second, Eq. (28) clearly
shows that mixture density is directly proportional to liquid
holdup. Third, Eq. (29) also shows, the ith tubing segment pressure
gradient is directly proportional to mixture density. Lastly, Eq. (26)
show that FBHP is directly proportional to TPD. These clearly show
that WBHT is inversely proportional to FBHP. It is clear from the
above and Fig. 12 that the proposed ANFIS visible mathematical
model correctly simulates the expected decrease in FBHP as WBHT
increases.
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Fig. 11. Trend of FBHP for varying values of ID.
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5.2. Comparison of ANFIS model against existing models

As already mentioned, 206 test data points were used to
compare the prediction performance of the ANFIS visible mathe-
matical model against three empirical correlations [13,28,29], three
mechanistic models [2,36,39], one ANN-based model [62], and one
ANFIS-based model [8,56]. The comparison was performed with
the aid of statistical and graphical error analyses.

5.3. Statistical error analysis

Statistical error analysis was employed in performing the
comparative evaluation of the proposed ANFIS model against
existing mechanistic models, empirical correlations, and machine
learning models (ANN and ANFIS) for FBHP prediction in wellbores.
The statistical error analysis is based on six statistical error pa-
rameters and the relative performance factor [2,86]. It is important
that we briefly define these six statistical error parameters and the
relative performance factor employed in this study.

The average percent error, Eq, is given mathematically by
Eq. (14) and expresses the overall performance trend with respect
to the observed drop in pressure [2]. A positive E; indicates that the
pressure drop was over-predicted, whereas a negative E; indicates
that it was under-predicted. Absolute average percent error, E, is
given mathematically by Eq. (15) and expresses the magnetude of
the errors on average in relation to the observed drop in pressure.
E, is a more important statistical error parameter than E; since it
prevents the positive relative error and the negative relative error
from cancelling each other out [3,4,87]. Percent standard deviation,
E3, also given mathematically by Eq. (16), represents the magnitude
of the error scattering relative to the observed drop in pressure [2].
Average error, E4, defined by Eq. (17), expresses the overall per-
formance trend without regard for the observed drop in pressure
[3,4]. A positive E4 indicates that the pressure drop was over-
predicted, whereas a negative E4 indicates that it was under-
predicted [87]. Absolute average error, Es, defined by Eq. (18), ex-
presses the magnetude of the errors on average irrespective of the
observed drop in pressure and prevents the positive actual error
and the negative actual error from cancelling each other out [2,87].
Standard deviation, Eg, given in Eq. (19), expresses the degree of
error scattering irrespective of the observed drop in pressure [2].

Relative performance factor, Fyp, given mathematically by
Eq. (9) takes into account the impact of all six statistical error
parameters (Eq, E, E3, E4, Es, and Eg). Frp was recommended by
Ansari et al, [2] for conducting comparison among a group of
models with minimum and maximum values of zero and six for
the best-performing model and worst-performing model
respectively.

Table 8 summarizes the results of the statistical error analysis
employed in the current study in performing the comparative
evaluation of this study's ANFIS visible mathematical model, three
mechanistic models, three empirical correlations, one ANN-based
model and one ANFIS-based model for predicting FBHP in well-
bores. Column 1 reports the different models considered for the
cooperative study. The statistical error parameters E; through Eg
are reported in columns 2 through 7 while the relative performance
factor, Fy is reported in column 8. The lowest values of E; through
Eg and Fyp are represented by blue cells. As shown in Table 8, the
different models are organized in ascending sequence of Fy, values.
As shown in Table 8, the lowest values of E; (3.71%), E4 (1.89 psia)
and E5 (75.19 psia) were achieved by this study's ANFIS visible
mathematical model. The lowest values of E; (0.04%) and E3 (0.98%)
were achieved by the Al-Shammari [8,56] ANFIS model and lowest
value of Eg (851.63 psia) by the ANN model developed by Tariq et al.
[62]. Similarly, largest values of Eq, E5, E3, E4, and Es were achieved
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Table 8

Statistical performance evaluation of this study's ANFIS visible mathematical FBHP prediction model and existing FBHP prediction models based on the Ayoub [63] 206 well

data points.
Model Ey (%) Ey (%) E3 (%) E4 (psia) Es (psia) Eg (psia) Frp (-)
This study 0.51 3.71 7.34 1.89 75.19 1080.57 0.09
Tariq et al. [62] 2.65 3.72 37.81 57.49 80.45 851.63 035
Al-Shammari [8,56] 0.04 5.60 0.98 -14.70 115.79 1650.24 0.39
Modified Hagedorn & Brown [28] —1.46 8.08 20.80 -21.43 171.01 244414 0.96
Modified Beggs & Brill [29] ~7.90 8.87 112.55 —169.48 188.28 1760.84 1.75
Poettmann & Carpenter [13] -5.18 14.17 73.77 -119.99 310.34 4192.94 2.50
Petalas & Aziz [39] -13.92 15.01 198.31 —305.32 325.04 3169.59 3.49
Hasan & Kabir [36] -16.19 19.43 230.56 -362.17 423.28 5359.15 4,74
Ansari et al. [2] -22.76 23.38 324.23 -501.33 511.99 5116.56 5.95

by the mechanistic model developed by Ansari et al. [2] and the
largest value of Eg was achieved by mechanistic model developed
by Hasan & Kabir [36].

In order to demonstrate the robustness of the developed ANFIS
model, the relative performance factor, Fr, was adopted because it
incorporates the effects of Eq, E,, E3, E4, Es and Eg as defined in
Eq. (9). Table 8 clearly shows that this study's ANFIS model with an
Fyp of 0.09 performed best while the Ansari et al. [2] model with an
Fyp of 5.95 performed worst. As shown in Table 8, the machine
learning models performed best followed by the empirical corre-
lations with the mechanistic models performing worst. A separate
study conducted by Ref. [44] revealed that the mechanistic models
performed worst because of the severe underprediction of the slug
flow and churn flow mechanistic models.

5.4. Graphical error analysis

Cross-plots and residual plots are the two graphical error anal-
ysis methods used in this study for the comparative performance
evaluation of the novel ANFIS visible mathematical model against
the current empirical correlations, mechanistic models, ANN-based
model, and ANFIS-based model.

5.5. Cross-plots

Cross-plots of the pressure drop predicted by the ANFIS visible
mathematical model, empirical correlations, mechanistic models,
ANN-based model, and ANFIS-based model on the vertical axis
against the observed drop in pressure on the horizontal axis are
shown in Fig. 13. A unit slope line, which represents a line of perfect
correlation, is also drawn. Furthermore, deviation lines of +20%
and —20%, which respectively show over-prediction and under-
prediction by the models, were also drawn. The best-performing

@ Poettmann & Carpenter (1952)
@ Ansari etal. (1994)
@ Tariq et al. (2020)

A Modified Hagedorn & Brown (1965)
A Hasan & Kabir (1988a)
A Al-Shammari (2011a, 2011b)

model should (1) have majority of the cross-plots on or very close
to the line of unit slope and (2) have majority of the cross-plots
within the deviation lines of +20% and —20%. The reverse is true
for the worst-performing model.

Fig. 13 clearly shows that majority of the cross-plots are on or
very close to the line of unit slope for the current ANFIS visible
mathematical model and hence considered the best-performing
model. Also, 99% of the cross-plots are within the deviation lines
of +20% and —20% for the current ANFIS visible mathematical
model and Tariq et al. [62] model. Fig. 13 also shows that only 50% of
the cross-plots are within the deviation lines of +20% and —20% for
the model developed by Ansari et al. [2] and hence considered the
worst-performing model. The Al-Shammari [8,56] model, modified
Hagedorn & Brown [28] correlation, modified Beggs & Brill [29]
correlation, Poettmann & Carpenter [13], correlation Petalas & Aziz
[39], model, and Hasan & Kabir [36] model had 98%, 92%, 90%, 75%,
70% and 60% of cross-plots within the deviation lines of +20%
and —20%.

5.6. Residual plots

Residual plots for the developed ANFIS visible mathematical
model, empirical correlations, mechanistic models, ANN-based
model, and ANFIS-based model are shown in Fig. 14. The best-
performing correlation or model should have the most number of
residual plots within the +300 psia and —300 psia lines of residual
deviation. The reverse is true for the worst-performing correlation
or model.

It is clear from Fig. 14 that this study's ANFIS visible mathe-
matical model and the Tariq et al. [62] ANN visible mathematical
model showed the best performance since 98% of their respective
residual plots are within the +300 psia and —300 psia lines of re-
sidual deviation. The Ansari et al. [2] mechanistic model showed
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Fig. 13. Cross-plots of pressure drop for the developed ANFIS visible mathematical model, empirical correlations, mechanistic models, ANN-based model, and ANFIS-based model.

642



C.C. Nwanwe and U.L Duru

@ Poettmann & Carpenter (1952)
©  Ansari etal. (1994)
@ Tariq ctal. (2020)

@ 300 psia

A

2000

NG el

Residuals/psia

/\
L e @A Y
(&

A Modified Hagedorn & Brown (1965)
A Hasan & Kabir (1988a)
Al-Shammari (2011a, 2011b)

@ -300 psia

Petroleum 9 (2023) 629—646

O Modified Beggs & Brill (1973)
© Petalas & Aziz (2000)
O  Present Model

Py O o S
OC DRl ) AN >
¢ f'(r‘ .\. "k\'@.’t’f;’(' 8 el 2N
O Al S
Qo (@A "gAle )
IREC T S
)

200 250

150

Well number

Fig. 14. Residual plots for the developed ANFIS visible mathematical model, empirical correlations, mechanistic models, ANN-based model, and ANFIS-based model.

the worst performance with 37% of residual plot within the +300
psia and —300 psia lines of residual deviation. In addition, Fig. 14
reveals that 51%, 52%, 59%, 80%, 85%, and 96% residual plots for
the Hasan & Kabir [36] model Petalas & Aziz [39], model Poettmann
& Carpenter [13] correlation, modified Beggs & Brill [29] correla-
tion, modified Hagedorn & Brown [28] correlation, and Al-
Shammari [8,56] ANFIS model respectively are within the +300
psia and —300 psia lines of residual deviation.

6. Conclusions and recommendations
6.1. Conclusions

Adaptive neuro-fuzzy inference system (ANFIS) coupled with
hybrid learning (HL) optimization method was successfully used in
this study to develop a visible mathematical model for prediction of
FBHP in wellbores in real-time.

Based on the findings and analysis included in this study, the
following conclusions can be made.

(1) Statistical error analysis performed on 28 different
Takagi—Sugeno fuzzy inference systems (FIS) showed that a
FIS with a 0.3 range of influence and trained with a
normalized dataset achieved the best FBHP prediction
performance.

(2) The optimal ANFIS black-box model was then translated into
the ANFIS white-box model with the Gaussian input and the
linear output membership functions and the extracted tuned
premise and consequence parameter sets.

(3) Trend analysis conducted revealed that the anticipated effect
of various inputs on FBHP were correctly simulated by the
proposed ANFIS visible mathematical model. This is evident
in (i) an increase in FBHP with an increase in WHP, WFR, OFR,
and WPD respectively and (ii) a drop in FBHP following an
increase in AP, ID, WBHT, and GFR respectively.

The minimum values of relative performance factor (Fyp

0.09), absolute average percent error (E;=3.71%), average

error (E4=1.89 psia), and absolute average error (Es5=

75.19 psia) were achieved by novel ANFIS visible mathe-

matical model. Also, the minimum value of standard devia-

tion (Eg=851.63 psia) was achieved by Tariq et al. [62] ANN
visible mathematical model. In addition, the Al-Shammari

[8,56] ANFIS model achieved the minimum values of the

=
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average percent error (E;=0.04%) and the percent standard
deviation (E3=0.98%).

(5) Majority of the pressure drop cross-plots for the
current ANFIS visible mathematical model are on or very
close to the line of unit slope with 99% of the cross-plots
within the +20% and —20% deviation lines.

(6) This study's ANFIS visible mathematical model and the Tariq
et al. [62] ANN visible mathematical model showed best
performance with 98% of residual plots within the 4300 psia
and —300 psia lines of residual deviation.

(7) This study's ANFIS visible mathematical model has a wider
range of applicability than the ANFIS-based and ANN-based
models developed by Al-Shammari [8,56] and Tariq et al.
[62] respectively.

(8) The advantage of this study's ANFIS visible mathematical
model is that it can be employed in new wells for FBHP
prediction without the need for expensive machine learning
frameworks such MATLAB fuzzy logic toolbox for training
purposes.

(9) The drawback of this study's ANFIS visible mathematical
model is that it cannot be applied to accurately predict the
FBHP of a data point whose range is not within the training
dataset range as shown in Table 1.

(10) There is a risk of local minimum with the derivative based
hybrid optimization algorithm used in the current study.

6.2. Recommendations

(1) The novel ANFIS model should only be used when the input
parameter ranges are within the training dataset input
parameter ranges as defined in Table 1.

(2) New training datasets covering wider input parameter
ranges should be added to the original training datasets and
the resulting dataset used to train the ANFIS. This will
improve the model's range of applicability and accuracy.

(3) Training the ANFIS with heuristic-derivative based hybrid
optimization algorithms is recommended and the perfor-
mance result compared with this study's performance.

Nomenclature

Correlation coefficient
Root mean square error
Predicted pressure drop, psia

R
Erms

Ap Tpred
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Ap;. ... Measured pressure drop, psia

Apimeas  Average measured pressure drop, psia
Cimeas Average change in measured pressure drop, psia
Frp Relative performance factor

Eg Standard deviation, psia

Es Absolute average error, psia

E4 Average error, psia

E; Percent standard deviation, %

E; Absolute average percent error, %

Eq Average percent error, %

e ith data point's actual error

e ith data point's relative error

{A;, B;} Linguistic label to node i

w; Firing strength

w; Normalized firing strength from layer 3
df Degree of freedom

n Number of data points

Xn0:1) Normalized value between 0 and 1 of the parameter

X Original parameter value

Ximin Minimum parameter value as shown in column 4 of
Table 1

Xmax Maximum parameter value as column 5 of Table 1

w(i.j) Membership degree for each normalized input

W(i) Firing strength of the ith membership function

W(i) Normalized firing strength of the ith membership

function
{p,q, 1 s, t u, vy and z} Consequence parameter set.

(a, ) Premise parameter set

Puwf Flowing bottom-hole pressure, psia
Dwi Wellhead Pressure, psia

(Z_IL%T Total pressure gradient (TPG), psi/foot
L Well perforation depth, feet

d Tubing diameter, inch

Um Mixture velocity, ft/sec

F Two-phase friction factor

Pg Gas density, Ib/cuft

pL Liquid density, Ib/cuft

Pmn No-slip mixture density, Ib/cuft
qw Water volumetric flow rate, ft3/sec
Qo 0il volumetric flow rate, ft3/sec
q Liquid volumetric flow rate, ft3/sec
qg Gas volumetric flow rate, ft3/sec

AL No-slip liquid holdup

FBHP, Normalized flowing bottom-hole pressure
WBHT, Normalized well bottom-hole temperature
IDy, Normalized internal diameter of the tubing
API, Normalized oil API gravity

WPD, Normalized well perforation depth

GFR,, Normalized gas flow rate

OFR;, Normalized oil flow rate

WFR;, Normalized water flow rate

WHP,, Normalized wellhead pressure

FBHP Flowing bottom-hole pressure, psia

WHT Wellhead temperature, °F

WBHT Well bottom-hole temperature, °F

ID Internal diameter of the tubing, inch

API Oil API gravity, °API

WPD Well perforation depth, feet

GFR Gas flow rate, Mscf/d

OFR Oil flow rate, stb/d

WEFR Water flow rate, stb/d

WHP Wellhead pressure, psia

ANN Artificial neural network
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ANFIS Adaptive neuro-fuzzy inference system
ML Machine learning

FIS Fuzzy inference system

PSO Particle swarm optimization

HGA Hybrid genetic algorithm

FLC Fuzzy logic controller

WOA Whale optimization algorithm
KHA Krill herd algorithm

FA Firefly algorithm

BCO Bee colony optimization

DFA Dragonfly algorithm

SFLA Shuffled frog-leaping algorithm
IWO Invasive weed optimization

GWO Grey wolf optimization

DE Differential evolution

GA Genetic algorithm

ABC Artificial bee colony

APSO Accelerated particle swarm optimization
RCGA Real-coded genetic algorithm
aABC Hybrid artificial bee colony algorithm
HL Hybrid learning

BP/GD backpropagation gradient descent
LSE Least square estimation

RLSE Recursive least square estimation
LM Levenberg-Marquardt

KF Kalman filter

EKF Extended Kalman filter

TCC Threshold correlation coefficient
RF Random forest

KNN K-Nearest neighbours

CcC Correlation coefficient

IMF Input membership functions

OMF Output membership functions
MF Membership functions

gaussmf Gaussian membership function
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