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It is well known that drilling fluid is a key parameter for optimizing drilling operations,
cleaning the hole, and managing the rig hydraulics and margins of surge and swab pressures.
Although the experimental works represent valid and reliable results, they are expensive and
time consuming. In contrast, continuous and regular determination of the rheological fluid
properties can perform its essential functions during good construction. The aim of this
study is to develop empirical models to estimate the drilling mud rheological properties of
water-based fluids with less need for lab measurements. This study provides two predictive
techniques, multiple regression analysis and artificial neural networks, to determine the
rheological properties of water-based drilling fluid using other simple measurable
properties. While mud density, marsh funnel, and solid% are key input parameters in this
study, the output models are plastic viscosity, yield point, apparent viscosity and gel
strength. The prediction methods have been applied on datasets taken from the final reports
of two wells drilled in the Ahdeb oil field, eastern Iraq. To test the performance ability of
the developed models, two error-based metrics (determination coefficient R2 and root mean
square error have been used in this study. The current results support the evidence that MW,
MF, and solid% are consistent indexes for the prediction of rheological mud properties. Both
mud density and solid content have a relative-significant effect on increasing PV, YP, AV,
and gel strength. The results also reveal that both MRA and ANN are conservative in
estimating the fluid rheological properties, but ANN is more precise than MRA. Eight
empirical mathematical models with high performance capacity have been developed in this
study to determine the rheological fluid properties using simple and quick equipment such
as mud balance and marsh funnel. This study presents cost-effective models to determine
the rheological fluid properties for future well planning in Iraqi oil fields.
Keywords:

Plastic viscosity; Yield point; Average viscosity; Gel strength; Artificial
neural networks

1. Introduction
Drilling fluid is a vital element for optimizing the well construction. A proper selection of drilling
fluid can perform its essential functions during drilling operations. Such these functions are controlling
subsurface pressures, carrying out the cuttings to the surface, cooling and lubricating the bit and drill
string, maintaining the wellbores from collapsing, gathering information from the formations being
drilled, minimizing the formation damage and swelling, and allowing retrieval of all necessary
DOI: 10.46717/igj.55.1C.6Ms-2022-03-25
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geological and formation evaluation information (Almahdawi et al., 2020). To achieve these functions,
it is necessary to optimize the drilling fluid rheological properties which are mud density (MW), yield
point (YP), marsh funnel (MF), plastic viscosity (PV), apparent viscosity (AV), and gel strength.
However, many drilling problems, such as shale swelling, wellbore collapsing, tensile fracturing, bit
balling, torque and drag, reservoir damage, and deficient hydraulic mud system, may be exposed because
of the potential failure in selecting these properties and thus lost money out of the well cost.
Drilling fluid is mainly composed of continuous and solid phases. The solid phase plays a vital role
in controlling the drilling fluid properties, which in turn affects the properties of the solids and thus the
performance of the solids-control equipment (Annis and Smith, 1996). Therefore, it is important to
understand how the solids affect the rheological mud properties to minimize the overall drilling and
completion costs (Elkatatny et al., 2018). Selection of solid phases or additives begins with the
geological nature of the interested zone and the offset well information, namely pore pressure and
fracture gradient profiles, formation drillability and stiffness, formation characteristics, and possibility
of exposing the soluble salt beds, sour gas, or saltwater flows. For example, the hydrostatic pressure that
represents the weight column of drilling fluid against the wellbore should be maintain above the
formation pore pressure gradient and below the formation fracture gradient to keep the wellbore from
either collapsing or fracturing.
Multiple regression analysis (MRA) and artificial neural networks (ANNs) have been recently
applied by many researchers in petroleum industry to establish predictive models that can be used to
predict the output parameter (Rolon et al., 2009; Elkatatny et al., 2017; Al-Azani et al., 2018; Elkatatny
et al., 2018; Hadi and Nygaard, 2018; Hadi et al. 2019; Abbas et al., 2020; Gowida et al., 2020). An
issue with determining the drilling fluid rheological properties in literature is that there is only one
mathematical model that can be used to determine these properties using ANNs at certain conditions.
Two prediction approaches, multiple regression analysis (MRA) and artificial neural networks
(ANNs), were applied in this study to develop eight mathematical models for determining the
rheological fluid properties. These models were developed based on other measurable parameters which
are mud density, marsh funnel (MF), and solid percent. The study uses the final well reports of two wells
drilled in Ahdeb oil field, eastern Iraq. To test the predictive ability of the presented models, two errorbased metrics were found for each model.
2. Area of Study and Data Analysis
This study has been conducted on datasets taken along the whole section of Ahdeb oil field. Ahdeb
oil field is an anticlinal structure elongated in NWW-SEE (Al-Baldawi and Nasser, 2019; Amer and AlZaidy, 2021), which has three domes (AD-1, AD-2, and AD-4) (Fig. 1). This field is located in the Wasit
Iraq, 180 Kilometers southeast of Baghdad (Kareem, 2020). Ahdeb structure is located on stable shelf
in the Mesopotamian zone (Numan, 1997). Fig. 1 shows the Map of Ahdeb oil field in the Mesopotamian
basin with boundaries of the major tectonic units. Fig. 2 shows the formation division and mainly
lithology description of formations of Ahdeb oil field. In addition to the Upper Fars (mudstone), Lower
Fars (marl gypsum limestone dolomite), and Jeribe (dolomite) formations, the UP Kirkuk (sandstone),
Dammam (limestone), and Aligi (limestone) formations are within the Tertiary geological age. The
Shiranish, Hartha, Hartha, Sadi, Tanuma, Khasib, Mishrif, Rumaila, and Ahmadi formations are within
the Upper Cretaceous geological age. All of formations within the Upper Cretaceous age are mainly
composed of limestones which ranged from limestone shale argillaceous to limestone marl argillaceous
(Fig. 2).
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Fig. 1. Map of Ahdeb oil field in the Mesopotamian basin with boundaries of the major tectonic units
(modified from (Al-Ameri and Al-Obaydi, 2011)

3. Data Analysis and Methodology
Before establishing the predictive models, data analysis has been performed to extract information
among datasets to figure out which key factor(s) is a great contributor in determining the output model,
which in turns increasing the performance of the statistical model (Hadi and Nygaard, 2018). Fig. 3
shows the histograms variation of datasets with their statistical evaluation. Datasets of this study were
assembled from the final well reports of drilling fluid for two wells drilled in AD-1dome
In Ahdeb oil field, Saturated Saltwater and Saturated KCL Polymer fluids are the common used
drilling fluids to control the wellbores and to protect the reservoir. It is important mentioned that KCL
mud is used to overcome the expected drilling problems through shale sections in addition to drill the
reservoirs of interest. All of conducted datasets are 68 data points. Each row dataset is composed of
seven drilling mud parameters. While the input parameters are mud density, marsh funnel, and solid
percent, the output parameters are plastic viscosity, yield point, apparent viscosity, and gel strength. The
raw datasets in Fig. 3 were subjected to two prediction approaches, which are multiple regression
analysis and arti
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Petrographic Description
The lower part consists with porous, white
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and sandstone interlayered with grey, soft to hard
marl. The upper part consists with fine to medium,
medium to good roundness, mottled sandstone
cemented with calcareous, embedded with shale
and limestone stripes in part.

1600
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2022, 55 (1C), 66-79

127－194

1700

1800
Mid-Upper
Eocene

Dammam

266－316

Brown, soft to hard limestone embedded partly
with black spotted oil-bearing stripes in the
lower part.The middle part of formation consists
with white limestone with glauconite and fossils
and with muddy interlayer. The top part consists
with grey,soft to hard, porous limestone with
glauconite,fossils and dark brown, black
chert nodules.

1900

2000

2100

Lower
EocenePaleocene

Aliji

Grey soft to hard limestone with marl, pyrite,
glauconite and fossils.

160－191

2200

Upper
Companian

Shiranish

47－61

Hartha

168－213

Greenish, soft to hard limestone sediments
with argillaceous limestone and fossils.

2300

Lower part consists with brown, soft to hard
porous limestone. At middle part consists with
white shaly limestone. The upper part consists
with brown, white, soft to hard limestone.

2400
Lower
Coniacian

Sadi

110－126

Tanuma
Upper
Cretaceous

53－63

2600

K1
K2

Turonian
Khasib

Mishrif

The lower part mainly consists with grey, white,
soft to hard limestone sediments with pyrite, and
embedded with marl. At the middle- upper parts
consist with white, grey marl sediments.
Grey, greyish green limestone, and
embeddedwith soft to hard shale and marl.

2500

K3
K4
Mi1
Mi2
Mi3
Mi4
Mi5

Mainly consists with white, soft to hard limestone
and embedded with chalk sediments. The middle-upper
part mainly consists with brown,soft to hard porous
limestone sediments with fossils, calcite and pyrite,
and with various extent oil immersion.

102－115

2700

Lower part consists with brown porous limestone
and embedded with chalk and dolomite.Middle
part is off-white limestone, chalk and embedded
with mud and shale stripes in part.The top
part mainly white plastic gypsum with shale.

96－116

2800

Ru1

Senomanian
Rumaila

Ru2a

Upper part mainly consists with brown, soft to
hard limestone sediments with fossils and medium
oil-immersion, embedded with thin chalk layer.
Middle-lower parts mainly consists with yellow,
off-white, soft to hard porous limestone
sediments,partly embedded with dolomite and
recrystallization dolomite with chalk and pyrite.

2900
235－247

Ru2b
Ru3

3000

Ru4

Ahamadi

AH

Grey marl sediment embedded with shale stripe.

30－36

3100

Ma1
Ma2
Ma3

Mainly consists with medium to fine sandstone,
soft to hard, well sorting, calcite cementing and
part with pyrite embedded with brown to black
brown shale.

3200
Albian

Mauddud

Ma4

177－219

3300

In middle- lower parts mainly consists with grey,
off-white, soft to hard limestone, abundant with
stylolite, embedded with grey, grey-green, soft
to plastic marl and shale stripes.

3400
Ma5

3500
Aptian

Nahrumr

Mainly consists with medium to fine sandstone,
soft to hard, well sorting, calcite cementing and
part with pyrite embedded with brown to black
brown shale.

86－102

3600
Lower
Cretaceous

The top part mainly consists with brown (yellow
in part) porous dolomite, calcite cementing with
oil spot and embedded with thin marl and
shale stripe.
The middle part consists with grey, grayish
white dolomite and limestone embedded
with shale stripe.
Lower Group mainly consists with brown porous
dolomite with pyrite and oil immersion.

3700

Shuaiba

105－138

3800

3900

Lower formation mainly consists with
yellow,green mudstoneembedded with finegrained sandstone.Then transits into
greyish brown mudstone andsandstone with
fossile and limestone stripe.Finally
pyrite, silty sandstone and shale.

BarremianHauterivian
Zubair

4000

4100
Ratawi

Soft to hard yellow biomicrite, mainly
with sandyspherulite, containing with shell
crumbs. Thesediment grain size is fine.

4200

4400 Oil Field
Fig. 2. Stratigraphic column of Ahdeb
4500

3.1. Multiple Regression Analysis
The MRA is an important approach to detect the output function using more than one independent
variable. While the dependent variables in this study are PV, YP, and gel strength, the independent
variables are mud density, MF, and solid percent (Fig. 3). Many studies have been conducted to support
the petroleum industry by predictive models using multiple regression analysis (Hadi and Nygaard,
2018; Hadi et al., 2019). To the authors knowledge, no empirical model has been found to estimate the
rheological mud properties using MRA.
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Fig. 3. Histograms and statistical evaluations of the used datasets variation

3.2. Artificial Neural Networks
Artificial neural networks (ANNs), as a branch of science and engineering design, have been
increasingly used for many applications related to petroleum industry including reservoir
characterization, drill bit selection, well stimulation, and optimization of well drilling operations. ANNs
can mimic the human brain operations, learn, and apply thinking behaviors. It can be used when the
issue of interest is complex, or when the relationships between the input(s) and the output parameters
are non-linear (Hadi and Nygaard, 2018). Hence, the primary goal of using ANNs is to create a simple
mathematical model that can be further used to solve complex scientific and industrial challenges.
Many studies have been outlined in literature to determine the drilling fluid properties based on lab
data using ANNs techniques (Al-Azani et al., 2018; Elkatatny et al., 2018). A question with previous
studies is that there is only one mathematical model that can be used to estimate the drilling fluid
properties using ANN techniques (Elkatatny et al., 2018). The ANN techniques is generally consisted
of three fundamentals elements: training, validation, and testing.
3.2.1. Training
The learning or training process is the major operation of ANN. This process is normally utilized
to develop the ANN model by readjusting the connection weights and biases of the network to get the
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outputs closer to the targets. A set of input data is used to train the network by using the learning
algorithm. In this study, the supervised learning algorithm is used to train the data since the target values
are already defined. Back-propagation neural network (BPNN) is used as a supervised learning
algorithm. The fundamental basis of BPNN is to gradually minimize the total error of the model (ideally
zero) during the learning process by iterating and readjusting the connection weights of three layers of
the network (Hadi et al., 2019). Fig. 4 represents a typical BPNN schematic for a prediction of drilling
mud rheological properties, which is consisted of three layers: input, hidden, and output layers. Each
layer is connected to the next layer by neurons. Three neurons have been selected in the hidden layer
based on trial and error for creating simple and useful ANN models (Fig. 4). It is worth mentioning that
data normalization should be done when there is a big gap in the input and out parameters. It is often
performed before the beginning of the training process to meet the algorithm requirements and to avoid
computational problems (Zhang et al., 1998).

Fig. 4. The ANN schematic constructed for plastic viscosity prediction

In general, the ANN structure is composed of three components: Weights, biases, and activation
function (Fig. 4). The inputs (Xj) for each neuron are multiplied by an adjustable weight factor of the
neuron (Wi) and summed together with the constant bias value (Qi). The resulting ni is the input to the
activation function yi, where i represents the number of neurons and j represents the number of input
parameters (Fig. 4). Various types of the activation function are possible but the tangent sigmoid
function, as nonlinear transfer function, was preferred in this study. The advantage of the tangent
sigmoid function is to squash the possible output from a neuron to typically [-1, 1] by differentiating the
outputs for both the hidden layer and the output layer (Zhang et al., 1998).
3.2.2. Validation
A cross-validation process on the training dataset is an important step to prevent the overfitting
from occurring in ANN model. In other words, this process is used as stop criteria for the training process
when the network tends to memorize insignificant details of calibration data, and thus minimizing the
performance ability of the network.
3.2.3. Testing
The testing process is used to check the performance of the network at various stages of learning.
The testing set is similar to the training set but contains simulants unseen in the training process. Once
the error in the testing set increases the training process is stopped. (Shahin et al., 2004).
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4. Results and Discussion
This section presents the results of this study in which eight models have been developed using
multiple regression analysis (MRA) and artificial neural networks (ANNs).
4.1. Development of MRA and ANN-Models
The raw datasets in Fig. 3 were subjected to the multiple regression analysis and artificial neural
networks techniques. Eight mathematical models have been developed in this study to determine the
rheological mud properties based on lab testing being quick, simple, and requiring very little equipment
such as mud balance and marsh funnel.
4.1.1. Development of PV model using MRA
Fig. 5 displays one multivariable regression model for predicting plastic viscosity using other
influential parameters. The mean output value of PV is presented by the blue line. In contrast, the red
dashed line represents a 5% confidence interval. Crossing the mean-line of plastic viscosity within the
confidence interval at high angle indicates that the input factor(s) is of great contributor on PV modeling.
In contrast, the independent factor has no effect on the PV model when the mean-line of plastic viscosity
is entering through the confidence interval envelope (Hadi et al., 2019). According to that, all input
parameters (MW, MF, and solid%) appear to be more conservative in estimating the plastic viscosity.
Equation 1 represents the developed model (PV actual versus PV predicted) to estimate plastic viscosity
using MRA with a good predictive ability (R2 of 0.84 and RMSE of 2.43). Furthermore, the
conservativity of the multiple regression technique in determining PV (Eq. 1) can be determined by the
P-value, which is less than 0.0001. However, an issue with the MRA technique in fitting data is that the
distribution of the output is narrower than that of the original data.
𝑃𝑉 = -50.76 + 35.66* 𝑀𝑊 + 0.445* 𝑀𝐹 + 0.578 * 𝑆𝑜𝑙𝑖𝑑 %

Fig. 5. The developed model of PV determination using MRA
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4.1.2. Development of PV model using ANNs
Equation 2 along with Fig. 6 present the developed model for a prediction of PV using ANN, where
𝑛 represents the normalized value of PV, 𝑖 represents the neuron number, 𝑤1𝑖 and 𝑏1𝑖 represent the
weight and the bias between the input and hidden layers for each input parameter within neuron 𝑖,
respectively. In contrast, 𝑤2𝑖 represents the weights between hidden and output layers for each input
parameter within neuron 𝑖 while 𝑏2 represents the bias between the hidden and output layers (Table
1). The results of Fig. 6 compare the target and predicted values of PV, indicating that R 2 and RMSE
are 0.86 and 2.02 for training datasets, while they are 0.89 and 1.98 for validation datasets, respectively.
This means that ANN model is relatively conservative in estimating PV than MRA.
2

𝑃𝑉𝑛 = [∑𝑁
𝑖=1 𝑤2𝑖 ∗ (

−2(𝑤1 ∗ 𝑀𝑊𝑛 + 𝑤1 ∗ 𝑀𝐹𝑛 + 𝑤1 ∗𝑆%𝑛 +𝑏1 )
𝑖,1
𝑖,2
𝑖,3
𝑖
1+𝑒

− 1)] + 𝑏2

(2)

Table 1. Weights and biases of the PV-ANN model
Input-Hidden Weight (w1i )

Hidden Layer Neurons(i)

Hidden-Output

Bias

Weight
MW
1

-1.487

2
3

MF

Solid%

b2

-0.0675

0.2284

9.735

2.5357

-17.139

-0.137

0.1073

-9.100

27.213

0.927

0.0541

-0.0048

8.748

-3.593

22.689

Fig. 6. The developed model of PV determination using ANN

4.1.3. Development of YP model using MRA
Fig. 7 presents the developed model to estimate the yield point using MRA. Equation 3 shows the
mathematical description of the developed model with an R2 of 0.83 and RMS of 0.95. A greater effect
of MF on estimating YP, followed in decreasing order by solid% and MW.
𝑌𝑃 = -12.07 + 5.22 * 𝑀𝑊 + 0.227 * 𝑀𝐹 + 0.141 * 𝑆𝑜𝑙𝑖𝑑 %
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4.1.4. Development of YP model using ANNs
Fig. 8 displays the cross plots of the 𝑌𝑃 property (actual and predicted). Equation 4 along with the
weights and biases of the ANN model in Table 2 can be used to determine the AV with high performance
capacity. While R2 of 0.85 and RMSE of 0.76 for training datasets, they are 0.84 and 1.02 for validation
datasets, respectively. If a comparison has been conducted between the YP models based on MRA and
ANN, the ANN technique appears to be more conservative than MRA in estimating YP.

Fig. 7. The developed model of YP determination using MRA

Fig. 8. The developed model of YP determination using ANN
2

𝑌𝑃𝑛 = [∑𝑁
𝑖=1 𝑤2𝑖 ∗ (

−2(𝑤1 ∗ 𝑀𝑊𝑛 + 𝑤1 ∗ 𝑀𝐹𝑛 + 𝑤1 ∗𝑆%𝑛 +𝑏1 )
𝑖,1
𝑖,2
𝑖,3
𝑖
1+𝑒
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Table 2. Weights and biases of the YP-ANN model
Input-Hidden Weight (w1i )

Hidden Layer

Hidden-Output

Neurons(i)

Bias

Weight
MW

MF

Solid%

1

-3.724

-0.0697

0.1707

-6.135

5.918

2

6.349

-0.053

-0.0059

-10.809

-4.343

3

11.438

-0.097

0.213

6.516

-11.416

b2
9.284

4.1.5. Development of AV model using MRA
One multivariable regression model was developed for predicting the average viscosity using the
raw datasets in Fig. 3 and utilizing the MRA technique. Fig. 9 shows the regression plots to recognize
the effect of mud weight, marsh funnel, and solid% on the average viscosity of drilling fluid. Equation
(5) outlines the AV-model as a function of other influential parameters which are mud density, marsh
funnel, and solid%. The performance capacity of the presented model (Eq. 5) can be described by two
error-based metrics, which are R2 of 0.88 and RMSE of 2.54.
𝐴𝑉 = -56.13 + 35.69 * 𝑀𝑊 + 0.599 * 𝑀𝐹 + 0.665 * 𝑆𝑜𝑙𝑖𝑑 %

Fig. 9. The developed model of AV determination using MRA
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4.1.6. Development of AV model using ANNs
Fig. 10 displays the cross plots between the predicted and target values of average viscosity.
Equation 6 shows the mathematical description of the developed model using the tangent sigmoid
function. Table 3 lists the weights and biases of the ANN-model which can be used to determine the
average viscosity of water-based drilling mud when the independent parameters are available.
R2=0.86

R2=0.94

RMSE=2.51

RMSE=1.84

Fig. 10. The developed model of AV determination using ANN
2

𝐴𝑉𝑛 = [∑𝑁
𝑖=1 𝑤2𝑖 ∗ (

−2(𝑤1 ∗ 𝑀𝑊𝑛 + 𝑤1 ∗ 𝑀𝐹𝑛 + 𝑤1 ∗𝑆%𝑛 +𝑏1 )
𝑖,1
𝑖,2
𝑖,3
𝑖
1+𝑒

− 1)] + 𝑏2

(6)

Table 3. Weights and biases of the AV-ANN model
Hidden

Layer

Neurons (i)
1
2
3

Input-Hidden Weight (w1i )
MW
-6.321
13.428
2.779

MF
-0.089
-0.159
-0.082

Solid%
0.0473
-0.0288
0.1837

Hidden-Output
Weight
-20.526
-3.592
12.487

Bias

12.289
-7.306
-1.172

b2
30.806

4.1.7. Development of gel strength model using MRA
This section summarizes the overall fit curves between the input parameters and the 10-gel strength
property using MRA. Fig.11 shows the regression plots to figure out the influence of MW, MF, and
Solid% on gel strength. The performance ability of the presented model (Eq. 7) is 0.81 of R2 of and 1.08
of RMSE. Even though all parameters have a relatively positive correlations with gel strength, their
effects on this property are different. The results reveal that both MW and solid% have a significant
effect on gel strength rather than MF. The scatter around each fit curve means that a wide range of gel
strength may be exposed for a given independent parameter. For example, MF alone is not sufficient to
estimate the gel strength of drilling fluid, other parameters are also consistent indexes for determining
the gel strength of drilling mud using MRA.
𝐺𝑒𝑙 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ = -32.64 + 25.12 * 𝑀𝑊 + 0.046 * 𝑀𝐹 + 0.458 * 𝑆𝑜𝑙𝑖𝑑 %

(7)

4.1.8. Development of gel strength model using ANNs
This section represents the results of ANN for developing a mathematical model to estimate gel
strength based on the weights and biases of the network (Table 4). Fig. 12 along with Eq. 8 show the
results of the developed model in which R2 and RMSE are 0.88 and 0.83 for training datasets while they
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are 0.89 and 0.71 for validation datasets, respectively. Although the results of MRA and ANN resemble
to be closely, the ANN is resembled well matched to the drilling fluid data in estimating the gel strengths
of water-based drilling mud. Equation 8 can be used to further estimate gel strength of water-based
drilling mud using a quick and very simple equipment as mud balance and marsh funnel.

Fig. 11. The developed model of gel strength determination using MRA
4.2. Summary of Developed Models Performance
Table 5 summaries the results of the developed models for determining the drilling mud
rheological properties using MRA ANNs. It can be observed from this table, ANN techniques have a
superiority in determining the rheological mud properties rather than using MRA technique. For
example, the performance criteria of PV model are 0.84 of R2 and 2.43 of RMSE, while they are 0.86
and 2.02 for training datasets and 0.89 and 1.98 for validation datasets, respectively.

R2=0.89

R2=0.88

RMSE=0.71

RMSE=0.83

Fig. 12. The developed model of Gel Strength determination using ANN
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2

𝐺𝑒𝑙 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ𝑛 = [∑𝑁
𝑖=1 𝑤2𝑖 ∗ (

1+𝑒

−2(𝑤1 ∗ 𝑀𝑊𝑛 + 𝑤1 ∗ 𝑀𝐹𝑛 + 𝑤1 ∗𝑆%𝑛 +𝑏1 )
𝑖,1
𝑖,2
𝑖,3
𝑖

− 1)] + 𝑏2

(8)

Table 4. Weights and biases of the gel strength-ANN model
Input-Hidden Weight (w1i )

Hidden Layer

Hidden-Output

Bias

Weight

Neurons(i)
MW

MF

Solid%

1

-0.064

0.1031

0.0217

-6.0908

-6.271

2

-7.811

-0.033

-0.2919

-8.4464

15.473

3

1.932

-0.076

0.1625

-6.8554

0.4151

b2
6.045

Table 5. Summary results obtained from MRA and ANNs Techniques
MRA Models

ANN Models

Property

Training

Validation

R2

RMSE

R2

RMSE

R2

RMSE

𝑃𝑉

0.84

2.43

0.86

2.02

0.89

1.98

𝑌𝑃

0.83

0.95

0.85

0.76

0.84

1.02

𝐴𝑉

0.88

2.54

0.86

2.51

0.94

1.84

𝐺𝑒𝑙 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ

0.81

1.08

0.88

0.83

0.89

0.71

5. Conclusions
This study presents eight predictive models to estimate the rheological mud properties of waterbased muds using two systematic approaches. The greatest difference between this study and literature
is that there are a few models to estimate the rheological mud properties using MRA and ANN. The
conclusion of this study can be summarized by the following points:
• Both MRA and ANN are reasonably well matched to the final well reports data in correlating
predictive models, but the ANN is more conservative than MRA.
• Four developed ANN-models can be used to determine the PV, YP, AV, and gel strength of waterbased drilling fluid with high accuracy, obtaining an average R2 of 0.88 (ideally 1) and an average
RMSE of 1.45 (ideally 0).
• Most rheological properties have relatively a positive significant effect on increasing PV, YP, AV,
and gel strength, but a scatter around each fit curve indicates that one rheological property alone may
not be sufficient to accurately determine other rheological properties.
• The drawback of the MRA technique is that the distribution of the predicted output is narrower than
that of the original data set, and thus the predictive models can become unstable in estimating the
mud rheological properties.
• The developed models can help the drilling engineer to better define the fluid flow behavior (as
Bingham plastic or power-law model) for a real time determination of drilling hydraulics, swap and
surge pressures, and equivalent circulating density at the bottom of the wellbore.
• This study presents simple and accurate mathematical models to estimate the rheological fluid
properties in a real time using a very little equipment in the laboratory or at the wellsite.
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