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ABSTRACT

Full Name : Ahmed Kamel Mohammed Alsabaa

Thess Title : REAL-TIME PREDICTION OF RHEOLOGY OF OHBASED MUD]

Major Field  : Petroleum Engineering

Date of Degree: December, 2021

The drilling fluids cost share 280 % of the total well drilling cost. Therefore, designing

and monitoring drilling luids properties are very critical for drilling operations. Bad mud
design or nofprecise monitoring for the drilling fluid will cause drilling problems, and
therefore, add an extra cost to the drilling expenditures. Consequently, monitoring the
rheologic properties of drilling fluids in reaime will help to complete the drilling
operation with a successful technical and economic program. In addition, the rheological
properties of the drilling fluids are important parameters for controlling the rigatilycs,

surge and swab pressure margins, mud equivalent circulation density (ECD) and hole
cleaning. Such mud rheological properties include the plastic viscosity (PV), apparent
viscosity (AV), yield point (YP), flow behaviour index (n), and consistendegxn(k).

The conventional mud tests have limited resolutions of rheological data due to the time
consuming of the laboratory measurements. On the rig, the mud engineer usually takes the
measurements of the mud rheological properti8gighes per day. Athe mud density is
critical for controlling the formation pressure, it is usually measurédifes per hour.
Marsh funnel viscosity is a simple measurement and therefore, it has the same high frequent
measurement as the mud density. Therefore, preditimdess frequent measurements
(rheological properties) from the high frequent mud measurements (mud density and Marsh
funnel viscosity) using the artificial intelligence (Al) techniques will help to obtain the
drilling fluid rheological properties in a&aktime.

This research proposal is a contribution to the efforts of fully automating the process of
retrieving the mud rheological properties with high accuracy and in dimeal The
objective of this research work is to develop different Al modelsrédipt the drilling

fluid's rheological properties in retime for five types of otbased mud (OBM).
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Chapter 1 INTRODUCTION

Drilling fluid has several functions within the drilling operation as it is basically
transporting cuttings from the bottom of the well to the surface through circulation. Mud
is lubricating the drillstring and the bit addition to cooling them. Mud must be formulated

so that, it can overcome being lost to the formation by forming a filter cake that can
minimize the filter loss. One of the most important roles among several other roles is, to
control the pressure of tHermation by applying the required overbalance to prevent
formation fluids from entering the bottom of the well causing kicks and interruption of the
operation(Knox and Jiang, 2005Mud has two main broad categories which are being
water or oitbased according to the base fl(i&leier, 1990a; Caenn et al., 2011; Knox and
Jiang, 2005)

Many chemicals and materials are added to the mud formula to control its properties like
adding the weighting materials foegulating the density and tuning the rheological
properties (plastic viscosity, yield point, gel strength, etc.) by special chemicals and
additives(Power and Zamora, 2003)ery specialized additives might be used to control
the amount of filtrate invading the formation and pH value which is important forghavin
certain functions by mud. Gidased mud (OBM) is classified into two main classes which
are altoil and invert emulsion. The atlil is using oil as a base fluid with no water at all

or very little amount, usually less than 5%. With a higher amount t&ryen emulsion is
formed but, it is still having oil to be the major phase, not water so, it is called invert
emulsion(G W Brandt et al., 1960)invert emulsion mud system is having sany
advantages like minimizing corrosion of casing and tubing so, it is used in completion
operations. Invert emulsion is very efficient in drilling troublesome formations like shale
especially when it is unstable. Environmentally, invert emulsionscersidered to protect
waterbearing formation§Gray and Grioni, 1969; Growcock et,a994; Ramasamy and
Amanullah, 2019)

The amount of water in invert emulsion may reach up to 60% which decreases the toxicity

of the system and controlling the salinity may decrease formation invasion by adding brine.



The differentiating parameter beten the albil system and the invert emulsion system is

the concentration of water as it would be as high as 60% in the invert emulsion system
(Amani et al., 2012)One advatage of the invert emulsion system is the toxicity that is

low compared with the other dilased mud system. The inhibition effect is another
advantage by prevention of invasion of the drilled formation by adding brine that is used
to regulate the salinjtof the system and to hold water molecules inside the system structure
and the invert emulsion can be stable at extreme conditions of temperature and pressure
(Lee et al., 2012)

1.1 Drilling Fluid Monitoring During Operations

It is needed to carry out laboratory tests on the field as a mini lab is existing and equipped
with the needed testing instruments like a marsh funnel and a mud balance which are
existing as well on the mud systeBome other lab devices are existing only on the-mini

lab on rigsite like a rotating viscometer (the common model existing on rigs is fann35)
and for measuring filtration properties an API filter press is required. Mud weight has
particular significance ewerning pressure management inside the (Mgksain and Al

Majed, 2015) Thus, during the drilling process, it is assessed (3 to 4) times/hour, as well
as the Marsh, funnel viscosity which is just a time réed for a volume of 930 cm3 to

flow through the funnel orifice as described by Ma(starsh, 1931) It is an overall
indication of the viscosity of the drilling fluid and not the exact measuremetiteof
physical property. The two measurements, mud density, and Marsh funnel viscosity are
generally accepted in the drilling industry as measurements and indicators of mud changes.
Each time mud weight is checked, Marsh funnel viscosity will be testedethsand
periodically samples from the pumped mud to and from the well to be checked so that the
drilling crew can know the interaction between borehole and mud. The precise
measurement of the rheological properties needs more difficult angtdins&mingests

and not just reporting time of Marsh funnel. This led to the satisfaction with doing the
rheology measurement once or twice but still having the Marsh funnel viscosity
consciously to track any major changes without depending on the marsh funnsityisco

for decisions related to mud reformulatigBalhoff et al., 2011) Getting this process
automated, was a need for the drilling industry to overcome the difficulties with measuring

rheology at a higher frequency and little research was conducted addressing that issue
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(Elkatatny et al., 2019; Saasen et al., 2008; Taugbgl et al.,.2012)ented device has
claimed tfat the rheological properties could be predicted at a short time from an
automatically read mud weight and Marsh funnel viscd&tikatatny, Salaheldin, Rakan
Fadhel, 2018) This promising technique could be the solution for the coxitglef
measuring the rheology but, the prediction algorithms will be needed for running the
system.
Some other researches went a step forward by proposing an online measuring technique
for the rheology(Vajargah et al., 2016)They claimed that normal rheology lab
measurements are outdated but they could not explain the disparity between the continuous
flowing measurement of rheology and the static old fashion lab (f@stsissard et al.,
2010) Established empirical equations in this paper overcome this problem by
continuously or at least at higher frequency reporting mud rheological properties,
simulating the readings of generally accepted viscometers on Tales.rheological
properties of mud were assumed to be somehow related to the mud weight and Marsh
funnel viscosity. However, the tests to find the relationship mathematiédhahdawi et
al., 2014, Pitt, 200().9, 20] did not provide the exactness needed. Apparent viscasity (
(cP) was related to Marsh funnel viscosit§) (seconds) and mud weightrq) (gm/cm3)
by Pitt(Pitt, 2000)as per equation (1). The same parameters were used in another study by
Almahdawi e al.(Almahdawi et al., 2014{p get apparent viscosity but the constant was
different as in equation (2).

t t qu (1)

t t quy @)
Improving the drilling performance requires effective cleaning of the hole and optimization
of the bit hydraulic§Ogunrinde and Dosunmu, 2012)rilling hydraulic optimization
accounts for pressure losses that rely maomiythe drilling fluid's rheological properties
(Guo and Liu, 2011that can be calculated assuming the flow is laminar from equation (3).
It is also possible to estimate equivalent circulating density (ECD) using the equation (4),
which reflects the apparenteight of the mud under complex conditions, to compensate

for many drilling problems such as loss of circulation and instances of well control.



1.2 Petroleum Engineering Utilization of Artificial Intelligence

Within the oil and gas exploration, reservoir d®pment, drilling, and production
activities, tremendous amounts of information are existing with no precise scientific
relations. Artificial Intelligence (Al) technology helped manage a process in which the
machine starts to learn about the data pattanashow different parameters could affect
each other in order to find a description of the relations. Porosity and permeability
prediction from well logs is a target for Al applications in the petroleum ind(lstryand

Kim, 2004) Another research was conducted to priettiie porosity of the reservoir from
logging data using different Al methods such as artificial neural networks, adaptive
networkbased fuzzy inference system (ANFIS), and SVM with good refdtlkatatny et

al., 2018b)

Al is an approach that seemed to solve analyticadets' vulnerabilities. In general, a lot

of Al applications have been developed in the petroleum ind{#sgwu et al., 2018; Nagy

and Hajrizi, 2018) The main Al techniques can be summarized commonly as artificial
neural networks (ANN), support vector machines (SVM), fuzzy inference systems; neuro
fuzzy,and ensemble mode(Barbosa et al., 2019Reservoir properties like permeability
were investigated using advanced hybrid techniques combining optimization of the
architecture of the algorithmadhis learning the problem along with optimization for the
model itself(Moussa et al., 2018\Well logging data was the input for a lot of research
conducted to predict reservoir properties like the work done by MouskgMbassa et

al., 2018)for predicting permeability and Mahmoud et @lahmoud et al., 2016fpr
predicting the Young modulus.

Other researches to predict logging data from other logging data like the predictien of t
sonic travel time by. Elkatatny et §Elkatatny et al., 2018h)sed different tools which
were artificial neural networks, adaptive netwdsed fuzzy inference system (ANFIS),
and SVM. Not only reservoir engineering that benefitted from Al but also, drilling
engineeing that had used Al in very sensitive and important issues like determining the
optimum drilling parameter@Agwu et al., 2018)For the sake of improved ROP, a study
has been conducted using thousands of (@debosa et al2019)and another study has
considered the effect of mud properties on drilling sp@écussa et al., 2018)his is

reflecting the trust in the Al models generated and the need for such applications on the
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drilling industy. Reservoir rock geomechanics was the research target of many studies
utilizing Al. The unconfined compressive strength was successfully estimated using an Al
model in a studMahmoud et al., 2016yhich used several Al techniques while a study
wasspecifically conducted over carbonate rocks only with only one Al technique that was
artificial neural networkgTariq et al., 2017and another one investigated thegoaeters

of the rock failuréTariq et al., 2017ith all developed models relied on logging data.
Elkatatny,(2018)obtained artificial neural networks predictive model to calculate the ratio
of the Poisson rock static using data from the wireline logs. The travel time of seismic
waves (P and S) were astited using artificial neural networks which were found to be
more efficient than ANFIS and SVM applied in the same resdkikhtatny et al., 2018c)
Those dvances in the usage of Al for estimating geomechanical properties eliminated the
need for expensive coring operations and core analysis. Also, additional work to estimate
the drilling fluid rheology was done for several categories of mud as it is vital fo
optimizing and controlling the rheology for efficient drilling operation. Many drilling
problems are avoidable or treated easily by controlling the drilling mud rheology.-Water
based mud rheology was investigated to have aba&ed prediction model, ame
category without considering different types of wdiased muds by Razi et (@R013)

using neural networks but, this study was depending on the shear rate as the main input
which needs the normal viscometer to be snead. Eliminating the need for the normal
viscometer needed changing the inputs for the developed artificial intelligence models. Da
Silva Bispo et al(2017 worked on having a soft sensor that predicts apparent viscosity
depending on additives and temperature of whdésed mud which seems to be still not
reliable for monitoring mud during a drilling operation. Elkatatny et(Blkatatny et al.,
2016)used Marsh funnel viscosity, mud weighhd solid content measured on the field
during the drilling operation as inputs of artificial neural networks based models to estimate
rheological properties. Another stuBlkatatny et al., 2018#&pllowed the same technique

but considered only the watbased mud was a good point for improving the accuracy of
the predictive models.

The considerabn of the different categories and subcategories of drilling mud was done
by several studies like Elkatatn§g017)who successfully have developed Al models to

predict rheological properties depending on the Marsh funnel viscosity, mud weight and



solid content using artificial neural networks for a particular subcategory of-inaxdsd

mud which was KCI polymer mud. Gllased mud rheological properties were also, studied
by Al-Azani et al.(Al-Azani et al., 2018)vho applied artificial neural networks to develop
different models for rheology prediction models with Marsh funnel viscosity, mud weight,
and solid content as inputs. Mud peoties can be fed to other Al models to calculate other
drilling parameters that may affect the drilling operation like equivalent circulating density
that can be predicted using artificial neural networks based model or adaptive network
based fuzzy inferece system (ANFIS) as per Elzenary et @lzenary et al., 2018 he
viscosity of drilling fluid prediction using Abased models was investigated by Hoang
(Hoang, 2016)n a different way using continuous density and diffée¢mpressure which

were measured by several sensors on a special vegturhis was a good application of

Al especially, that HoangHoang, 2016has used several Al tools like artificial neural
networks, fuzzy logic, and SVR. However, he diok address the differences between
different types of mud in addition to the difference between online and offline rheology
measurements.

Several studies were conducted on different types of mud applying Al to predict different
rheology parameters. Thechnique of grouping data according to mud categories and even
sub-categories is very successful in developing Al models. \Wstsed mud rheology was
investigated as per the subtypes like CaCl2 rfeowida et al., 2019%vhich is another

type of wate-based mud but, was studied separately to have the best accuracy for the Al
models that reach in most of these studies to less than 5% in terms of average absolute
percentage error due to this effective approach. From an economic perspective, drilling
fluids cost 2540 percent of the overall cost of drilling we{Shilingarian et al., 1986)or

drilling operations, the design and analysis of drilling fluid parameters are therefore very
important. Poor mud design or incorrect drilling fluid tracking can cause drilling issues,
thus ading additional costs to drilling expengdenkins and Crockford, 1975; Okoro et

al., 2018) Rig hydraulics optimization is essential for controlling drilling performance and
rate of penetration (ROP) with a strong relation to the drilling fluid rheological properties
(Mitchell and Miska, 2011; Zhang et al., 201Recording and tracking the drilling fluid
properties on high frequency assures a productive technological and economic program for

the drilling operation.



Some of these applicatisninvolve optimizingBello et al., 2016)drilling, optimizing
hydraulic§Wang and Salehi, 2015and predicting rheological characteristics of invert
emulsion mucElkatatny, 2016)waterbased KCI muElkatatny, 2017)drilling liquid
CaCb(Gowida et al., 20199nd watetbased NaCl dritin fluid(Elkatatny, 2019)

1.30IL -Based Mud Types

1.3.1All-o0il Mud

All-oil mud is a mud system that is prepared using diesel, synthetic oil and free of water,
and it is used to drill troublesome formations like long shale sections as it can enhance the
stability of shale and improve dritig performance. Albil mud is a low shear drilling fluid

with a low level of dispersed solids that has unique and favorable rheological properties.
The alloil mud is a type of oibased drilling fluids (OBM) and it is mainly composed of

oil as a continuos phase with no watéAmani et al., 2012)The other type of OBM is the

invert emulsion mud, which is containing an amount of water, and this is the major
difference betweaethe two types. The aflil mud is a mud system composed of oil with a

low level of dispersed additives. The field application of theoillsystem showed
successful case studies with better mud rheology and better hole cleaning than the invert
emulsionmud system. Aboil muds are used to drill difficult wells, such as long sections

of high angle and higpressure highemperature (HPHT) wells. The application of the
all-oil system provides a higher penetration rate, excellent lubrication propertiesaithe
stability, improves hole cleaning, and reduces the bit wear signifiqg&mtiger, 1992)The

all-oil mud is characterized by flat rheology and high YP/PV ratios, which can be achieved
at less than 0.2gg above the base oil density and this is a big advantage in drilling depleted

zones, which need very precise pressure control.

1.3.2Invert Emulsion

The term Ainvert emulsionod i s o fbasedmudi s e d
system having water iits composition as an added component to provide a desired
property [S5]Almahdawi et al., 2014)The application of the invert emulsion mud is to
solve the drilling problems as unstable shale, prevent damage tolveai@ng formations
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and, for the completion programs as it protects the casing and tubing from corrosion
(Amani et al., 2012; Anifowose anddulraheem, 2011P1 Recommended Practice :3B

2).

There are two classifications for the-biised mud systems, which are the invert emulsion
and the aloil mud typesThe alloil mud is generally designed to be free of water but in
some cases, thereassmall water addition and the oil to be the external phase. When the
concentration of the water addition is moderate to high (about 60%), then the system is an
invert emulsion mudBarbosa et al.2019) The invert emulsion mud system has a low
toxicity effect, while the brine addition is ustmcontrol the system salinity and keep the
molecules of the water within the system structure not to invade the fornfBtear,
1990b) Thefield application of the invert emulsion mud is mainly to drill the kpgéssure
high-temperature (HPHT) wells. That is because of its thermal stability performance that
is better than the watddased mud (WBM). The invert mud system can be used in the

drilling operations under temperatures up to 4Q@’ /. Brandt et al., 1960).

1.3.3High overbalance bridging mud

High overbalance bridging mud is comsied as a type of edased mud for oil companies.
When considering the definition of invert emulsion muds, it can be affiliated to invert
emulsion type with special additives. High overbalance bridging mud is a mud system that
can be customized with adwee bridging agents to minimize the risk associated with
drilling horizontal sections. MaBridge is designed to reduce pore pressure transmission
by internally bridging pore throats. The bridging materials in High overbalance bridging
drilling fluid system consists mainly of resilient graphite. Also, High overbalance bridging
mud has an acid soluble calcium carbonate bridging material and a special product sealing
polymer that can be used to effectively seal the pore throats. The advanced bridging
materiak in this type of mud has been proven to be effective with drilling depleted
reservoirs of high permeability. Those kinds of formations are usually causing problems

like stuck pipe and losses.



1.3.4Flat rheology mud

It is an invert emulsion system designegbtovide a flat rheology profile in a wide range

of temperature, control of ECD, and hydraulics. It can also be specially formulated and
customized to achieve flatness of the gel strength structure. Flat rheology mud system is
used to drill critical hole sions. The key rheological properties to evaluate the reliant
system performance are yield point (YP), thRRBM reading, and the 1fin gel strength

over the range of temperature. This flat rheology profile is considered as a major
improvement over conwvgional invert system, which are known to have higher viscosities

at low temperatures and lower rheology at high bothabe temperatures. The advantage

of having a flat rheology profile allows pumping at higher flow rates compared to

conventional mud sysins, thus increasing ROP while providing lower ECD values.

1.3.5High density mud

High density mud is using micromax (manganese tetroxide)which is one of the weighting
agents that added to the drilling fluid formulations to provide the required mud density for
the designed hydrostatic pressure for controlling the formation préSsumal et al.,
2021) Micromax can be utilized individually or in a mixture with other weighting agents
as barite, ilmenite, and hematital-Muhailan et al., 2014; Basfar at., 2020) Many
technical and economic aspects affect the weighting agents selection for the drilling fluids
that include the availability of the materials, sagging issue, formatted filter cake removal,
impact on the logging tools, and the material To$he sagging issue which is the
separation or the settling of the weighting material solids from the liquid phase and settling
down in the wellbore can cause many well control problems during the drilling operation
as the mud column will have a variationits density(Omland et al., @07; Saasen et al.,
2002) Micromax provided a solution for this issue when it tested as a weighting material
(Basfar et al., 2020)n addition, the Micromax fine particles have a size of 1 micrometer
and 4.8 specific gravity that enabled the Micromax to provide a better tendetivy $ag
problem(Ma et al., 2019)in addition, it was found not to cause the high level of formation
damage as barif@l-Muhailan et al., 2014)



1.4ASTATEMENT OF THE PROBLEM

The importance of this studytise elimination of the need for difficult long lab experiments

for monitoring the rheology of mud. This idea of having a quick test that can indicate the
rheology of mud in a shorter time than required for having conventional viscometer
readings was theogl of developing a simple instrument like the Marsh funnel. This
technique was widely accepted and adopted by drilling contractors and oil companies as
an indication for the major changes of mud rheology without having any method to
correlate the Marsh finel time recorded in seconds into any rheological parameter. This
is a detected deficiency in this technique that accepts to have the precise measurements of
a viscometer for one or two times per day while depends on the Marsh funnel
measurements to trackly the major changes three or even four times per hour. The
problem is that the drilling crew would not have the ability to detect the problems with
mud from the beginning. It would be too late when the drilling crew has a big change in
the mud rheologyto detect problems like sloughing shales. The need fortireal
measurements for the rheological parameters is important for having full control over the

well and avoid complicated situations due to late detection.

To have reatime measurements, it @fficult to boost up the lab tests using the normal
viscometer. Even with an automatic rotational viscometer this would not have the job done.
Some studies talked about online measurements of the rheology which is opposite to offline
measurements whichefers to the conventional rheology tests using a rotational
viscometer. The conventional tests are described as offline as they are carried out on
samples taken off from the circulating system to the-haimion the drilling site. The online
measurement idone without interrupting mud circulation using a type of pipe viscometer.
There is a mismatch between the reading taken online and offline due to many reasons.
Another earlier solution proposed the prediction of apparent viscosity using Marsh funnel
viscosity via a correlation. Some previous studies as per the literature developed depending
on samples not representing all types of mud which makes it unreliable when exposed to

different types of mud. Other studies considered the development of correffations
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specific types of mud but used the solid percent along with Marsh funnel viscosity and mud

weight as input which is not desirable for subsequent applications of automation.

The rheology of mud predicted from mud weight, Marsh funnel viscosity asdnre
studies solid percent in some other studies, it was possible to omit the solid percent from
inputs, were revisited by researchers many times manipulating data for different types of
mud. Not only depending on the broad classification of mud into eatsed mud and eil

based mud but also, going to stlasses and subcategories according to additives and

special components tailored for solving special problems.
This work is intending to focus on five types ofbdsed mud for the first time and to pnl

consider the Marsh funnel viscosity and mud weight as input. This detected gap in research

would be covered by this work.
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Chapter 2 Methodology

2.1 Artificial Neural Network Technique (ANN)

ANN is an artificial intelligence technique that emulates the biolbgiearal networks,
which are giving it the nam@ngelini and Ludovici, 2009)The main elements of an ANN
system are neurons. The ANN structure is represented by number of layers, and each layer
has a basic element which is called a neuron. The minimum numbehefoANN
construction is three layers, which are the input, hidden, and output layer. Transfer
functions are fundamentally used to link the ANN layers and appropriate algorithms are
used for data trainin@R. Lippmann, 1987)The neurons are connected with each other and
those connections are associated with weights and b{ase®n et al., 2006) The
backpropagation feedforward neural network was found to be antie#fetool in
preference to a multilayer perceptron (MLP). An optimization for the number of neurons
is required because of increasing the neurons number might causéttiogerand
adversely affect the prediction performance. However, reducing the nahheurons

may result in undefitting (Rao and Ramamurti, 1993)

2.2 Adaptive Neuro-Fuzzy Inference System (ANFIS)

ANFIS is an adaptive newfoizzy inference system (ANFIS) which is a type of artificial
neural néwork (ANN) that is depending on Taka@ugeno fuzzy inference system.
ANFIS technique has been developed in the early 1990s. Its inference system is using a set
of fuzzy IFTHEN rules that have the learning capability to optimize functions. ANFIS
providesthe best advantages that exist in both fuzzy logic and neural network techniques
in one tool(Jang, 1993; Tahmasebi et al., 201Phe ANFIS uses the backpropagation

(BP) algorithm and the least square to get the best membership function that uses for
training the inputs andutputs data se{®nifowose and Abdulraheem, 2011)
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2.3 Support Vector Machine

The support vector machine (SVM) is the type of supervised learning that is mostly used
for regression and pattern recognition purpdgesbidge et al., 2001)A support vector
machine based on soft margin hypéane has been introduced as a new artificial
intelligence tool framework for both classification and function approximédieng et al.,

2003) Instead of sigmoidal type transfer functions like in mitif neural networks support
vector machine stands on the kernel neuron function which definitely allows projection to
higher planes and ability to solve more complicated and complex highly nonlinear
problems(Ma and Guo, 2014)

A good characteristic of SVM is its stability. This is a characteristic that ensures that once
the data set is fixed, ramg it several times will always produce the same results unlike
the neural networks that generate different results for different runs even when the data set
is fixed (Jeng et al., 2003)SVM can be able to handle large features space; it can
effectively avoid over fitting by limiting the margin, and then identify automatically small
subsets of useful information that are called as support végtoosikhi and AtMagbali,

2011)

2.4RESEARCH OBJECTIVES

The objectivesof this researclproposakre:
I.  Collectingdatafrom realfield measurements.
Il.  Preprocessingnddataanalysisfor the collecteddata.
[ll.  Building the Al modelsfor thefive typesof OBM:
All -oil Mud
Invert Emulsion
High-overbalance

Flatrheology

o r w0 noE

High-density
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2.5DESCRIPTION OF THE PROPOSED WORK

The thesis is proposed to have 2 phases which will break down the challenges and assure
that all tasks within each phase are done with high quality. Phase | is data collection and
preprocessing in which data will be arranged and purified using standardized techniques.
Phase Il is building the Al models which will include building the required codes for
running different Al optimization processes and run them several times with changing
parameters to get the best models for the prediction of different rheological properties.
This project as per the objectives stated in the previous section needsmiataeffeld to

be collected for different types of mud. The data from the field would be real measurements
done by the mud engineers and drilling crew members existing in different rig sites. Mud
weight (MWT) and Marsh funnel viscosity (MFV) are to be theuts that will be used

with the Al optimization tools to predict the rheological properties. MWT and MFV are
being recorded-& times per hour but the project will use only the data that is anchored
with the rheological properties. Rheological properdiesbeing measured once or twice a
day and this is forming a challenge for collecting the data.

2.6 APPROACH

The approach used here is to have the data collected for different types of mud g&otal of
types)ofotb ased muds ( OBMO s ) einvestigated shquld Ise alonfud muds t o
systems used locally in Saudi fields. The proposed types of muds are as per the following
list:
a. Oil-based muds in this project would be as following:

1. All-oil.

2. Invert emulsion

3. High-overbalance

4. Flatrheology

5. High-density
The data will go under rigorous preprocessing to purify and clean all the data sets for all

the mud types from all unqualified data points. Statistical analysis should be provided for
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all the data sets to determine sufficiency of the existing data for hyiddicurate general
models. Different Al techniques will be built and optimized to elect the most accurate
models. The proposed Al techniques for use in this project are:

1. Artificial Neural Network Technique (ANN)

2. Adaptive NeureFuzzy Inference System (ANFIS

3. Support Vector Machine

The developed Al techniques will be applied for all types of muds to predict all the
rheological properties. The approach is chosen for data preprocessing and optimization is
illustrated as per.

All the produced models from theffdirent Al techniques should be compared to each other

in terms of accuracy and the models of the best accuracy.

2.7PHASES AND TASKS

2.7.1Phase |

The first phase of the proposed research will be about data which is the raw material that
will be used to produce ¢hmodels. Data will be acquired from real fields where the
designated types of muds are being used. The availability of the data will depend on the
source databases. The following tasks will explain the needed efforts to go the next phase
of the project:
1- The data collected should be authenticated to be real field data
2- Data arranged in suitable format with samples indicating well name MWT, MFV,
PV, YP
3- Rest of the rheological parameters should be calculated.
4- Collected data should be checked for missed or gvuatues.
5- Data should be purified from the outliers.
6- Data points used for training should be different from the points used for testing.
7- Full data statistics should be provided with each dataset to assure sufficiency and
generalization of the data provided
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2.7.2Phase Il

represents the second phase of the proposed research that will be the longest phase because
it will include several runs using efficient computers with different Al techniques to
produce the best models for different rheological parametergolltwing tasks might be
needed to reach the most important milestone of this project:

1- Prepare and determine the required set up of hardware required to run the

programmed codes.

2- Install all required software to run and prepare the codes.

3- Al optimizationcodes should be prepared for different Al techniques.

4- Each code should be run for all types of mud with each rheological parameter.

5- Determine the parameters and options to be changed in each Al tool.

6- Good recording of results with each change in Al tepimiparameters.

7- Evaluation for all results of all models and choose the best accurate models.
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Chapter 3 All-Oil Mud Rheology

3.1 Data Description

The study used a real field data that was collected from the mud measurement reports
during the drilling operation. The tiawas collected from different sections drilled in 56
wells with different sizes. Each row was containing input data which are mud weight
[MWT] and Marsh funnel viscosity [MFV], and the output data are plastic viscosity [PV]
yield point [YP] behavior inde [n] viscometer reading at 300 RPM [R300], viscometer
reading at 600 RPM [R600], and apparent viscosity [AV]. After data preprocessing and
qualifying the data, the data statistical analysis is tabulat@dbte 1. The data showed

that the MWT was ranging from 56 to 101 pcf (0.9 to 1.61 kg/L). The minimum value for
the MFV was 40 sec and the maximum MFV was 85 sec. The range for PV was from 8 to
47 cP (0.008 to 0.047 Pa.s) where the AV was ranging from 16 to 60 cP (0.016 to 0.06
Pas). The R300 range was between 24 to 74 degree, where the R600 from 32 to 120 degree.
The YP ranging from 14 to 28 1b/100 ft2 (6.7 to 13.4 &&) n from 0.41 to 0.8.

Table 1: The mud rheology statistical analysis

MWT  MFV | PV YP n R300 R600 | AV
[pcf] [sec] | [cP] [Ib/200 [deg] @ [deg] | [cP]
ft2]
Minimum 56 40 8 14 041 24 32 16
Maximum 101 85 47 28 0.8 74 120 60
Mean 80.16 63.14 26.24 2114 062 |47.38 73.63 | 36.81

Standard 11.85 | 10.54 9.6 3.6 0.08 ' 11.35 20.72 10.36
Deviation

Kurtosis -0.55 -0.39 -089 |-0.64 -0.62 -0.77 -0.87 | -0.87
Skewness -0.1 -0.09 0.1 -0.15 | -0.01 -0.36 -0.17 -0.17

The correlation coefficient between the input and the output parameters was obtained for
the data as shown Figure 1. It showed a good direct relationship between the inputs and

outputs. The correlation coefficients were over 0.73 for MWT and all the predicted
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parameters except with the YP which was 0.3, where the correlation coefficient for the
MFV and the predicted paramegavas 0.44 for the n and R was higher than 0.56 with the
other outputs. The highest correlation coefficient for MFV was with the R300 which was
0.66, where the highest R value for MWT was with the PV which was 0.79.

Input/Output Correlation Coefficient
EMWT =MFV

1.00
£ 0.80 0.76
= 0.66
2
g 0.60
=}
<
= 0.40
=
< 0.20
=
S
< 0.00

R300 R600

Figure 1. The correlation coefficients between the inputs and outputs.
3.2 Methodology and Building ANN Models

After many trials that were excuted to have the best ratio for training and testing data sets,
numbers of hidden layers, number of neurons in the hidden laysmgork function,
training function, and transfer function to build a robust reliable model. The models were
improved by 369 points using 77% training to 23% testing ratio of as 286 data points for
training and 83 points for testing. The different trainingctions which were used in the
trials were Levenbeidarquardt backpropagation [trainlm], Resilence backpropagation
[trainrp] and conjugate gradient backpropagation. Different runs for the transfer functions
as the tarsigmoid [tansig], logsigmoid [logsig] and purelin were tried. The same
procedure was used to build all the ANN models developed in this paper and it was as
follow:

Only 2 neurons that represent input layer which are MWT and MFV and a single neuron
for the output layer which is one propeftom the rheological parameters.

A single hidden layer was tried, as well as more hidden layer system to choose the optimum

one.
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The number of neurons in the hidden layer was optimized and that is different to some
extent for each property prediction ded.

Trials for a different network, and training functions to get the optimum functions.
Different transfer functions were used to show its control on the model performance.

The model prediction performance in terms of R and AAPE were comaadetie raglits

were discussed.

3.3 Results and Discussion

The ANN model was optimized based on 77% of the refined data for training the model
[286 points] and 23% for testing [83 points]. The training set was enough to build the
models with very high accuracy and all dets. Table 2 shows the optimized parameters

for the ANN prediction models as trainlm was found to be the best training function, and
tansig was the best transfer function for all the models. However, the numbers of neurons
in the hidden layer were found to be different, as for PV and AV, it was found that 42
neurons represented the best accuracy and 34 neurons for all the remaining rheological
prediction models [YP, n, R300, and R600].

Table 2: The optimizecparameters for the ANN models.

Rheology No. of neurons in Training Transfer
Parameter the hidden layer Function Function
PV 42 trainim tansig
YP 34 trainim tansig
n 34 trainim tansig
R300 34 trainim tansig
R600 34 trainim tansig
AV 42 trainim tansig

286 points were used for training and compared to the predicted values from the generated
models, which showed R higher than 0.9 for all rheological properties and AAPE of less
than 8%. The R between the predicted values and the actual measuremelastifor p
viscosity [PV] ANN-model was 0.95 and 7.2 % AAAPE as shown in. The YP results were

in terms of 0.91 correlation coefficient and AAPE was 4.77%. The lowest AAPE was for

the behavior index [n] model that was 3.27% when comparing the predicted dathewit
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actual measurements for the training data set only. The R300 model showed good accuracy
as R was 0.94 and AAPE was 5.32%. R600 model showed R of 0.95 and 6.55% AAPE.
AV model 6s R was 0.96 and AAPE was 4. 93%.
The obtained models for the rheologicafrgmaeters [PV, YP, n, R300, R600, and AV]

were then validated by tessring the models with 23% of the data measurements (83 data
points). The tesing results showed the accuracy of the six models in terms of R and AAPE
as generally, R was about 0.90 and tWPE was less than 8%. The PV model results, R
was 0.95 and AAPE was 7.97%, and for-XRN model, R showed 0.90 and 6.03%
AAPE. R was 0.91 and 4.81% AAPE forANN model. For R300 model, the results
showed that R was 0.92 and AAPE was 6.74%-ANN and R600models provided high
accuracy, where R was 0.94 and AAPE was less than 6.95%. Table 3 summarizes the
models accuracy of all parameters for training and testing data sets.

Table 3: The models accuracy of all parameters for traigingd testing data sets

Parameter PV YP n AV R300 R600
RTraining 0.95 0.91 0.93 0.96 0.94 0.95
RTesting 0.95 0.9 0.91 0.94 0.92 0.94

AAPE% Training | 7.2 4.77 3.27 4.93 5.32 6.55
AAPE% Testing | 7.97 6.03 4.81 6.9 6.74 6.95

3.3.1Plastic Viscosity Prediction Mocel and Developed Correlation

Figure 2 shows a comparison between the actual data and thePANModel output. The

model results showed that R was 0.95 and AAPE was 7.37%. Equation 3 was extracted
from the ANN model to representetcalculated formula for the normalized value for
plastc viscosity [PVn]. In Equatior8 the normalized inputs are required, therefore,
Equation 4 is used to calculate the normalized mud weight valués4[], and Equation

5 is used to get the normetid Marsh funnel viscosity [& §.

20



PV Predicted vs Actual
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Figure 2: Predicted PV vs actual field measurement.

06 X P —

p A@bcx -74 x .- &6 A

f f
A

- 74 m@rtr¥r 74 voe p
- &6 TWITE&E6 T OP

The parameters used in Equation 3 ar&; 4which is measured mud weight [Ib/ft3], and
- & @vhich is measured Marsh funnel viscosity [sec]. N is &t equal to the number
of neurons in the hidden layer that is 42 neurons. According to the neuron index [i ],

weights and biases[ ],[x ]and A ] were extracted from the ANN network as in Table

4, where the bias of the output émy[b2] is 3.17 for this PV prediction correlation. The

3)

(4)
(5)

final output PV is calculated from the normalized valdied] as per Equation 6.
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Table 4. Weights and biases for PVadel [Equation 3].

W,y s w, | W w, B W,

1 -29.12 229 26.46 1291 22 -3.89 4.37 -0.1 -1.61
2 53.1 41.79 -56.96 | -0.58 23 -8.48 251 | -3.67 8.84
3 -23.55 | 0.02 13.84 -2.19 | 24 736 179 461 | -13.09
4 1.02 -6.58 -4.85 -1.13 | 25 0.06 | -1458 1.04 0.23
5 23.25 41.29 -28.82 0.77 | 26 62.02 3.37 811 |-0.31
6 -24.83 | 19.49 22.65 -13.36| 27 -57.3 -89.28 0.8 16.56
7 33.54 121.34 -31.3 0.19 | 28 -7.86 | -18.45 -4.79 -12.71
8 5.38 4.78 7.22 -5.87 | 29 8.14 | -12.18 2.51 9.49
9 0.7 -8.18 6.58 11.34 30 -7.14 | 10.73 -2.24 | 10.71
10 | -2.28 5.73 0.78 192 31 46.48 4.63 | 25.38 7.78
11 | -10.46 1.3 591 441 32 0.64 ' 5.03 | -4.71 12.03
12 | 19.16 4.69 -4.73 -5.81 | 33 6.71 | -1491 994 -3.14
13 1 6.78 11.08 -5.53 -12.92 34 587 ' 9.05 646 | -13.9
14 | -51.62 -79 0.74 -16.87 | 35 -7.33 11.84 | -3.17 | -7.09
15 | 153 -4.91 -3.54 -0.52 | 36 4496 4.83 246 | -7.99
16 | 3.01 5.79 -2.66 -16.97 | 37 542 7.44 574 6.05
17 | -6.11 -10.67 | -7.2 -7.9 38 8.25 ' 6.79 | 10.62 4.13
18 | -7.56 6.62 3.42 -18.28 | 39 2549 -7.84 11.23 247
19 491 -8.43 4.1 -28.03 40 -50.86| 45.28 | -25 -0.2
20 -21.26 -5.93 5.26 -5.75 41 8.21 -7.36 -3.66 @ -15.25
21 -19.8 -24.39 | 7.58 -0.66 | 42 -1.76 | 82.11 -41.81 -0.77

3.3.2Yield Point Prediction Model and developed Correlation

The YP model results showed that R was 0.91 and AAPE was 5.06%igarna 3 for the
comparison between actual data and YP model results by Equation 7. Parameters used in

Equation 7 are; 7 4which is measured mud weight [Ib/ft3], & Gvhich is measured
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Marsh funnel viscosity [sec]. N is a constant equal to the numbeuodmns in the hidden
layer which is 34 neurons.

0 (7
p AGBgx -74 x - &6 A

h h

90 X

A
According to the neuron index [i ], weights and biases][[x ]and JA ] were extracted

from the ANN network as in Table 5 wheleetbias for output layer b2 = 6.82 for this

Equation. The final output YP is calculated from the normalized va&u@] [as per

Equation 8.
90 p . (8
T T C uP
YP Predicted vs actual (Ib/100 ft2)
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Figure 3 YP predicted vs daal Field measurement data.

Table 5: Weights and biases for YP model [Equation 7].
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w, W, b, w, W woob w,
1 -63.84 -7.26 ' 60.13 3.14 22 865 |-497 1.3 -13.1
2 462 7.84 -8.16 -6.32 23 -1.96 | -12 -0.83 -1.2
3 2533 2264 -19.64 -0.29 24 -31.79 -5.75 10.23 1.78
4 -22.37 -37.69 3742 -3.18 25 6.23 -72.08 10.35 13.3
5 541 315 -5.48 812 |26 239.94 9281 72.21 0.38
6 | -56 -121.95 88.51 -0.3 | 27 -1329 -5.62 | -70.79 -0.62
7 -9.63 9.6 8 -2.89 28 -7.97 -11.57 -3.25 -60.4
8 -16.81 -7.81 | 12.79 -2402 29 115.88 34.72 52.58 -0.27
9 193 -791 -386 -29 30 -10.28 -17.92 -6.21 -4.56
10 -15.06 -7.11 | 1158 2596 31 138 |1091 6.63 | -4.15
11 -10.79  2.69 5.28 | -37.87 32 104.64 34.65 41.68 0.76
12 2237  -3.16 | -8.05 5.1 33 -7.31 -10.62 -3.05 67.02
13 -2503 8.97 7.31 | 353 34 -4254 5143 -38.61 -0.26
14 6.42 | -77.2 11.04 -13.44 35 3.89 -1494 115 -31.74
15 -97.97 2129 5991 0.2 36 -30.89 17.25 -22.51 35
16 7221 9231 -19.78 -0.33 37 -11.85 -19.87 -16.13 -1.51
17 20.09 2.21 -526 495 38 -2253 -95 -17.67 0.87
18 -48.01 -6.84 1205 292 39 -4.6 16.77 | -12.76 -29.99
19 -33.62 18.65 8.67 -2.04 40 47.52 11.83 56.73 -2.33
20 -8.58 | 4.84 -1.26 -13.06 41 5.11 | 109.24 99.44 0.28
21 9.65 -2.3 -4.65 | -42.15 42 324  -8.72 21.87 2.66

3.3.3Behavior Index Prediction Model and Developed Correlation

The same procedures for building the model were followgplre 4 shows the n model

results showed that R was 0.93 and AAPE was 3.63%. Parameters used in Equation 9 are;

- 7 4 which is measured nduweight [Ib/ft3], - & 6vhich is measured Marsh funnel

viscosity [sec]. N is a constant equal to the number of neurons in the hidden layer which is

34 neurons.
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n Predicted vs actual
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Figure 4: n predicted vs actual Field measurement data.
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According to the neuron index [i], weights and biases][ [x ]and JA ] were extracted
from the ANN network as in Table 6 wheresthias for output laygb2 = 0.358] for this
Equation The final output n is calculated from the normalized valug és per Equation
10.

-1 p (10)

I L]

L ¢ YgQ P

Table 6: Weights and biases formodel [Equation 9].
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W, W b, w, W W b, w,

1 -31.81 | 92.54 | 63.04 -16.97 18 | - 6.46 -2.68 | -0.46
123.87
2 51.37 -71.84  -47.9 -3.33 19 -456 011 0.73 | 36.37
3 9.67 -17.05 -541 0.21 20 -4778 241 -0.55 | -0.83
4 -101.93 | -118.36  93.67 -0.07 121 128 4.2 1.47 | 1.19
5 20.09 -9.12  -17.86 | 3.77 22 1 410.68 -43.03 | 169.77 -0.4
6 -36.36 | 105.15  71.53 16.9 23 -6.08 1532 |-7.65 | -16.24
7 -49.38 | 73 44.46 -30.86 24 - 49.48 -94.32 -0.74
215.36

8 -31.73 4749 | 28.02 3596 (25 2798 4492 3045 0.27
9 308.67 63.93 -97.5 -0.17 26 5.86 -1454 7.27 | -16.44
10 | -59.4 87.8 49.01 -491 27 -38.34 1261 -23.08 -0.57
11 | -3.38 18.87 | 4.84 -0.35 28 -2.08 | 3564 -21.21 0.69
12 | 175.6 -131.19 -30.05 ' -0.31 |29 15.86 2.88 10.24 | -2.24
13 | -23.83 4.78 9.33 -0.51 30 | 29.37 -123.5 -58.65 0.14
14 | -4.08 -10.55 3.32 -0.25 31 1645 -75.16 46.38 0.7
15 | -15.57 12.68 | 2.85 -0.66 32 |19.62 9.54 16.22 | 3.07
16 | 4.85 -0.09 -0.8 34.06 33 | -49.56 -39.94 -51.56 1.35
17 | 231.43 ' -239.31 -4352 -028 34 -23.06 6.73 -16.1 | 0.91

3.3.4R300 Reading Prediction Model and developed Corretesn

The R300 model results showed that R was 0.94 and AAPE was 5.65% @& éb. The

model used to develop the empirical correlationEgsiation 11 Parameters used in

Equation 1lare;- 7 4which is measured mud weight [Ib/f{3] & 6vhich is measured

Marsh funnel viscosity [sec]. N is the number of neurons in the hidden layer which is 34

neurons.
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The weights and biases [], [x ], and A ] were extracted from the ANN network as in

Table 7 where the bias for output layer [b218.74] for Equation 11. The final output

2 is calculated from the normalized valie [ ] as per the following Equation :

2 p 12
2 _ T
TS T ¢
R300 Predicted vs actual
R300
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50 AA =
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x
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Figure5: R300 predicted vsctual field measurement data.

Table 7 Weights and biases R300 model.
[ i
W w, B, W w, By
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1 -24 156 | 3.23
2 4214 -2.99 -42.52
3 441 -34 -4.04
4 -1.92 -4.76 4.15

5 29.67 -23.02 -22.92
6 | -37.74 103.72 62.15
7 -828 781 |73

8 | -10.09 9.99 | 8.96
9 3397 811 -12.77
10 -29.27 | 23.69 | 22.61
11 -24.68 47.08  22.36
12 20.32 | -18.57 | -6.76
13 -28.75/5.87 | 5.8
14 -32.16 -8 12.14
15 -10.89 2.06 | 1.86
16 113.65 -65.19  32.49
17 234 | -4.34 | -0.45

3.3.5Re00Reading Prediction Model and developed Correlation

The R600 model results showed that R was 0.95 and AAPE was 6.64% @eeb. The
model was used to develop the empirical correlation as Equation 13. The parameters used
in Equation13 are- 7 4which is measured mud weight [Ib/ft3],& @vhich is measured

Marsh funnel viscosity [sec]. N is the number of neurons in the hidden layer which is 34

neurons.

28

-78.36 18
-81.65 19
-35.82| 20
-0.96 21
15.99 22
0.33 | 23
-51.4 24
33.59 | 25
6.39 | 26
17.56 | 27
-0.45 | 28
-0.35 29
-0.6 | 30
6.48 31
1.77 | 32
-0.24 | 33
0.79 34

-1.8
-123.4
-128.8
28.89
3.56
-6.01
-21.87
19.76
0.72
-1.22
-0.72
154.65
-4.17
68.15
9.08
-33.89
-45.72

0.04
24.6
64.84
0.87
-3.2
20.85
4.31
-3.81
-71.83
1.67
13.6
11.5
-4.26
-82.03
-2
-3.17
-7.03

-0.36 | -4.09
14.57 ' -0.59
-46.95 0.46
3.74 | -0.47
-0.06 | -1.58
-6.77 | -0.28
-11.27 1 24.65
10.19 27.75
43.26 -1.17
-5.28 | 52.73
-8.49 | -2.23
88.3 ' -0.3
-3.97 1 0.62
52.02  0.06
6.63 | 49.27
-36.26 ' 3.16
-33.23 1.34
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Figure6: Rsoo predicted vs actual Field measuremenada
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The weights and biases [], [*x ], and A ] for Equation 14are shown in Table 8 where

the biasfor output layer [b2 = 2.56]. The final outp@ s calculated from the
normalized value ] as perEquation [L4].
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Table 8 Weights and biases for R600 ntel
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W, W, b, w, W w,ob w,
1 049 9.62 -9.42 815 18 -2.8 12.82 1 1.54 | 0.68
2 -059 -789 829 212 19 3.02 88.07|139 -0.32
3 -10.06 3.73 9.78 | -28.42 20 116.73| -91.68 37.53 -0.19
4 | -71.03 | -65.11 68.35 0.17 21 -255 1455 -4.3 -1.15
5 -15.63 28.14 19.78 0.58 |22 -28.52 -45 -12.3  -0.21
6 | 104.23 109.49 -62.65 -0.33 23 -14.72 0.33 -3.18 1.82
7 | -11.37 3.28 11.05 28.01 24 -26.62 10.33 | -12.75 -9.02
8 -7.71 | -6.3 8.22 -0.71 25 -2.86 |22.72 -7.75 0.45
9 -4.2 -6.39 3.74 -045 26 25.34 -10.06 12.21 -8.83
10 -130.83 14.49 68.48 -0.18 27 -41.06 4.79 | -8.92 | -0.79
11 -53.65 7157 3518 0.41 28 -87.41 -0.86 -17.56 -0.71
12 -452 7.64 3.35 -16.11 29 12,79 395 536 041
13 -1.3 3.08 0.2 18.38 30 -1.6 -2.74 | -4.25 | -38.65
14 4.15 -7.23 | -3.19 -17.56 31 31.67 -1.03 | 20.07 -1.36
15 31.36 | 3.03 -21 042 32 -1.65 -4.06 -543 29.95
16 -1.2 3.04 0.28 ' -19.89 33 -0.92 -8.98 -6.19 1.47
17 13.75 | -106.08 27.51 -0.51 34 -0.75 -13.45 1473 -21.71

3.3.6Apparent Viscosity [AV] Prediction Model and Developed

Correlation

The AV model results showdHat R was 0.96 and AAPE was 5.39% aFigure7. The

model was used to develop the empirical correlation as Equation 15. The Parameters used

in Equation 15 are; 7 4which is measured mud weight [Ib/ft3], and& Gvhich is

measued Marsh funnel viscosity [sec]. N is the number of neurons in the hidden layer

which is 34 neurons.
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Equation 15 weights and biases [], [x ]and [A ] are shown in Table 9 where the bias

for output layer [b2 =14.74]. The final otput! 6is calculated from the normalized value

[! 6] as per the following Equation:

| 16 p (16)
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Figure7: AV predicted vs actual Field measurement data

Table 9 Weights and biases for AV model
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w, o w, R W, W, ow, b W

-38.00| -5.95 1 33.93 2.90 |22 194.06 -100.2| 16.85 0.26
13.67 1 9.84 -13.21 -2.26 23 -40.12 -52.76 -9.71 | 0.48
55.70 | 79.16 -70.51 0.27 24 -22.42 -3.55 -2.72 14.57
-23.82| -6.42 1 23.22 -3.91 |25 62.82 -151.6/ 9.99 0.11
22.96 | 9.10 -16.95 16.91 26 23.89 3.96 | 292  13.45
-46.95 -58.12 50.64 7.64 27 -5.67 0.44 -2.38 10.55
-8.85 | 760 ' 529 1253 28 -2.79 -2.77 |-0.96 -8.61
-42.42| -52.11 45.35 -7.30 |29 4290 4.62 | 17.89 0.53
29.94  -67.35 -24.53 0.21 30 -3.64 -21.84 -2.15 -0.48
-2457/-9.40 118.01 14.71 31 126 293 |1.90  32.00
-13.22/ 10.56  7.10 -453 |32 123 |2.02 153 -75.22
53.42 | 1.20 -17.01 -14.94 33 -31.64 -44.28 -24.09 -0.57
-76.44/ 047 1 39.05 0.77 34 -25.43 50.08 -39.84 0.75
-2.72 | -2.87 097 -2.36 |35 23.67 -6.22 10.39 | 2.25
-8.35 753 533 -8.89 36 -2047 7.79 @ -14.24 10.41
55.71 1149 -17.78 15.05 37 -1.98 -1.58 -2.00 -44.63
2045 526 -740 -0.64 38 -10.07 -0.77 | -7.87  11.28
-42.48 -6.03 7.47 035 39 -30.73 29.64 -17.55 -0.27
-80.07 51.73 1452 0.29 40 6.55 1286 17.38 -2.81
-61.47| 46.71 1 10.94 -0.31 | 41 18.06 § 20.15 | 29.59 9.46
16.72 -556 462 163 42 960 | -412 740 |26.57
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3.4 Comparing AAN-Model for AV with Published Models

ANN-model for AV is believed thave good accuracy as the predicted AV from Equation

15 using the MWT and MFV versus the actual measurements for 369 data points, resulted
in R of 0.96 and AAPE that was 5.39%idure7]. Furthermore, the calculated AV from

the praelicted R600 using Equation 17 is still having the same great performance with
almost the same R and AAPE which were 0.95 and 6.64% respectively. The other

correlations that were developed by Pitt and Almahdawi for calculating the AV from the
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same parameterave been outperformed by the predicted and calculated AV from this

wor k. Pittds model [ Equation 1] was wused t
results were plotted against the actual measurements for Aigime 8 that shows the

resulted values of AV from Pitt correlation as R is 0.76 and the AAPE is 49.94%. The
results of Al mahdawi 6s model [ Equati on 2]
Figure9 with AAPE of 46.08% and R is 0.75able 10 summarizes the R and AAPE for

the results of AV from the model developed in this paper and the calculated value of AV
from the predicted R600 in this paper compeé
and Al mahdawi 6s mo deki$ showihdhheghed azourady and thel besho d
results over the models in the literature. AAPE % is 5.39 for the developed model, where

for the models in the literature the AAPE shows higher than 46 % for the same data set.
6 2 C (17

Table 10 Accuracy comparison between the developed AV model and literature models

AV AV AlMahdawi AV Calculated | AV

Pitt predicted
AAPE % 49.94 | 46.08 6.64 5.39
R 0.76 0.75 0.95 0.96

33



AV(cP)
0 20 40 60 80 100 120 0 20 40

50 50

= == R =0.69
R =0.69 .
— =

100 100

150 150

250 250

300 300

S L
350 350 =

400
—AV Actual -AV Pitt —-AYV Actual —AY Almahdawi

!",l, 'l M .‘VW 'r

400

Figure 8 AV Pitt vs Actual AV Figure9 AV Almahdawi vs Actual AV

3.5Conclusions

The study utilized the [ANN] technique to build models for predicting the rheological
properties of atbil mud type. The models predicted six paramedsrBV, YP, Roo, Raoo,
n, and AV from only the mud weight and Marsh funnel viscosity as inputs.
The study findings can be summarized as follow:
1 ANN models were built and tested to predict thendlmud rheological properties.
1 The results showed a go@dcuracy in terms of R and AAPE for training and
testsing as R was higher than 0.9 and AAPE was less than 8%.
1 The models were optimized by trainlm as training function, and tansig as transfer

function.
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1 The study provided new empirical correlations to lsedufor determining the
rheological preperties.

1 The new developed empirical equation of AV was compared with common used
published correlations in the literature and the developed correlation provided the
highest accuracy.

The new empirical correlationsoim this study will help the mud team on the rig site to
determine the drilling fluid rheology in a re@ne. As a result, a good monitoring for the
mud rheology to provide the best performance for the mud functions and that will help to

avoid any drillingproblems that might initiated from the bad mud design and save extra
cost for that problems.
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Chapter 4 Prediction of Rheological Properties of Invert

Emulsion Mud

The flow chart in Figure 1 is showing the details about the preprocessing of the data and

the optimeation method to reach the target at the end. The preprocessing included first the
removal of all zeros, N/ AO0s and missed data I
experience and engineering since before using a code to automatically remowes aif r

outliers depending on the mean of the data with a threshold value of 1.75 to assure the

quality of the training process.

Removing zeros, 9999 & N/A

Removing outliers using the mean method

FigurelQ: Flow chart for developing the ANFIS models.
4.1 Data Statistics

Real field mud samples wereadsin this study after preprocessing from the outliers,
invalid wrong readings, and repetitions to be 741 points that were used to build the Al
model. The model was trained and validated using the adaptive-foeasoinference
system (ANFIS). Data desctipe statistics in Tablellshow the statistical analysis for the
input and output parameters.

Tablell: Data Descriptive Statistics
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MWT MFV PV YP The R300 | Reoo AV

(PCF) | (sec) | (cP) (Ib/100ft?) = behavior (cP)
index, n

Minimum | 67.00 | 45.00 | 13.00 10.00 0.47 25.00 40.00 @ 20.00
Maximum | 98.00 | 98.00  47.00  31.00 0.80 72.00 119.00] 59.50
Mean 82.26 | 73.48 30.00 22.68 0.65 52.63 82.63 41.31
Standard | 6.80 11.05 6.31 | 3.28 0.05 8.31 14.36 7.18
Deviation
Kurtosis -0.86 -0.55 -0.24 114 0.42 0.14 -0.10 -0.10
Skewness  0.22 0.08 -0.07 -0.71 -0.33 -041 -0.26 | -0.26

The data showed that the minimum value for the mud weight is 67 pcf and the maximum
value was 98 pcf. The MFV rage from 45 to 98 seconds, while the PV showed a minimum
value of 13 cP ahthe maximum PV is 47 cP. The yield point for the mud data had a range
of 10 to 31 Ib/100ft2. The AV showed a range of 20 to 59.5 cP. It is clear that the collected
data is representing a wide range of readings that commonly found in the drilling ayeratio
using invert emulsion mud type for 12 1/4 inches section. The correlation coefficients
between the inputs and outputs were calculated. R between MWT and MFV which are
representing inputs data from one side, and all other values of outputs (PV, YPOn, R3
and R600) from the other side show a strong direct relationship with most of the outputs
as it appears frorigure11. It is clear that the correlation coefficient is higher than 0.46
between the MWT and all the outputs excefth the YP and n, where the R shows 0.19
and 0.34 for YP and n respectively. Where the R for the MFV and the outputs shows higher
values than 0.61 for all outputs except for the YP, and n at which the R shows 0.42 and
0.33 respectively.
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Figurell The correlation coefficient between the inputs and outputs.
4.2 Methodology and Building ANFIS Models

Several trials were performed to get the optimum training/testing ratios, cluster radius, and
number of epochs. Subtractive clusteringht@que was used to cluster the data and creates

a fuzzy inference system with the minimum number of rules. Subclust function was used
to determine the number of membership functions and rules. Several trials were made to
optimize the cluster radius valtieat determines the cluster center range of influence on

its spherical neighborhood. The radius value was determined to be 0.1 times the width of
the data space. The number of epochs was affecting too much the time needed for training
the model and it waealized that more than 200 epochs did not improve the results that
much, therefore, 200 epochs were chosen to train the models and also, to avoid overfitting
that would happen with a large number of epochs. The optimization process was coded
using Matlabon a workstation with moderate specifications to minimize the time needed
for the runs. Other programming languages can be used to develop the code the ANFIS
code but, Matlab was chosen because it is easy to use and have many functions already
built on it which is time and effort saving. To evaluate the ANFIS results, AAPE was

determined between the actual and predicted values.
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4.3 Results

As per the objective of this paper to utilize the field data and measurements in developing
models to predict rheology pregies from the MWT and MFV, it was needed to have a
training data set that is used to develop the models and training data. In order to have this
optimum ratio of training to testing data set, it was decided to try different training to testing
ratios stating from 50%:50% then, increasing the training ratio over the testing ratio on
steps. The training/testing ratio of the data were optimized to be 80% of the data for training
(591 data points) and 20% of the data for validating the models (150 poiriestimg it

which resulted in very accurate models for predicting the PV, YP, n, R300, R600, and AV.
The correlation coefficients between the predicted and actual data for all the six models
showed values higher than 0.96, while the AAPE did not exced@o3i@r training data

set (591 data points). The accuracy of the plastic viscosity ANFIS model results of the
training data set were shown kiigure 12 as the results showed a very high correlation
coefficient that was 0.98 and thigs the highest R among all the other developed models

in this paper. R was 0.96 for the yield point as representédyure 13 and AAPE was
2.78% that was almost the same as for PV model. R for behavior index (n) was 0.96 while
the AAPE was 1.6% as shownhigurel4, and R was 0.96 for R300 and the AAPE was
3.34% as irFigurel5. For the R600, the correlation coefficient was 0.97 and 2.81% AAPE
as showed ifrigurel6. Figurel7 represents the accuracy for the apparent viscosity model
training, as R was 0.97 and the AAPE was 2.81%.
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Figurel2 PV predicted vs actual (training) Figurel3YP predicted vs&ual (training)
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For validating the six models (PV, YP, n, R300, R600, and AV), the models were tested
using 20% of the data (150 rows of data measurements) and the models showed acceptable
results as the correlati@moefficient was about 0.91 and the AAPE did not exceed 5.66%.
When testing the PV ANFIS model with 150 points the correlation coefficient was 0.91
and AAPE was 5.66% which a very good result as in Figj@r&ield point model results
were compared to thetal values and R showed 0.91 and 3.38% AAPE as in Fligure
Figure 20 represented the results accuracy for n model as R showed 0.94 for the testing
data and 1.96% AAPE. R300 results from the developed model were shown inHigure
and compared to actudata, found that R was 0.93 and AAPE was 3.47%. Apparent
viscosity (AV) and R600 had the most accurate models with R was 0.97 and AAPE was
2.59 as shown in FiguZ2 for R600, and Figur@3for AV results.
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Figure22 Resoopredicted vs actual (testing) Figure23 AV predicted vs actual (testing)
4.4 Discussion

The root problem of measurement of rheology of mud is the low resolution of the
measurements because of the difficoltyperforming the lab tests. The viscometer used to
get rheology properties is more suitable for research and lab measurements that will be in
absolute units. In the field, there was a need for quick estimation of viscosity with higher
frequency. This waresolved by Marsh as he proposed the usage of a funnel to get rough
estimation of viscosity which is not in absolute units of viscosity and just a comparative or
relative measurement. Marsh funnel was used since that along with viscometers with still
a nee to have more accurate measurement like the ones we get from the viscometers but,
in higher frequency like what we get from the funnel. There was a strong tendency within
the industry to replace the Marsh funnel and the viscometers with automatic mesgarem

for rheology. Pipe viscometers had a popularity within the industry as a replacement.
Vajaragah and Oort introduced a type of pipe viscometer that indirectly measuring the
rheological properties with possibility of having cumulative errors and deriathen
compared to viscometeeadings. Away from that, Pigroposed a relationship between
Marsh funnel viscosity and apparent viscosity whicdmsJater modified by Almahdawi
which is not confirmed to be suitable for all mud types and not validatechedtiptable
accuracy. Elkatatnlgad a patent of automated Marsh funnel that can have MWT and MFV
readings automatically without any human interference eliminating the errors that may
exist due to the manual measurements. Having the readings of Marshdautomehtically

is opening the door to investigate more the relation between MFV, MWT and other
rheological parameteréurtificial neural networksvas usedo develop empirical models

that can predict the PV, YP, n and fluid consistency with high accurgcy® included

the solid percentage in mud in his empirical correlations that again is still not benefitting
from the patented automated Marsh funnel that has no sensor for measuring the solid
percentage in the mud sample.

This gap is filled with this wdr which introduces models for predicting rheological
properties from only the MWT and MFV which can be measured automatically by the
mentioned technique of the automated Marsh funnel. A computer managing system can

convert the raw readings of mud weightldviarsh funnel viscosity into plastic viscosity,
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yield point, apparent viscosity, behavior index and even viscometer reading at 300 and 600
RPM using the developed ANF&ased models in this paper. The accuracy of the models
against the validating data ihe testing phase was excellent as the training range was the
same range of the full data set for inputs and outputs to have the most accurate models. The
testing data was covering almost the same range to assure generalization of the generated
models. A ontinuous validation and improvement for such models generated by artificial
intelligence is required to improve their accuracy. However, the amount of data used and
its range used in building the models are satisfying as per the results achieved during
training and validating processes. A comparison between the ranges of output data sets for
training and the output data sets for testing is showing that the models were tested against
almost the same ranges of the training data sets in TAbkess shown irthe table that the
training data set range covers the testing data set range as example for that the minimum
vale for PV was 13 cP for the training data while it was 18 cP for the testing data set, the

maximum PV value was 47 cP for training data set a@dPfor the testing data set.

Table12 A comparison between the variable ranges for training and testing

PV | YP AV
Data Set n Rs00 | Reoo
(cP) | (Ib/100 fB) (cP)
o Minimum | 13 |10 047|125 |40 |20
Training Data :
Maximum |47 |31 0.80| 72 | 119 | 59.50
_ Minimum |18 |16 0.54|34 |53 |26.50
Testing Data i
Maximum |44 |31 0.74| 67 | 110 |55

4.4.1Predicted Rsooand Resoo for calculating PV and AV for

comparison with previous studies

In order to authenticate the quality of the work, two steps were applied to shthe up
reliability of the ANFIS models. The first step was that, the Predicted R300 and R600 were
used for calculating PV and AV, and then the results were compared to actual values. This
comparison adds up to the strength of the ANFIS models. The secomestegmmparing
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the predicted AV and the calculated AV from the predicted R600 and R300. In addition,

the predicted AV was compared to the AV correlations from literature.

The predicted R600 and R300 were used to calculate the PV and AV as per equadion 1 a

equation 3. Figur@4 presented the R value between the actual PV versus the calculated

PV from the predicted dial readings at 300 and 600 rpm, where the R was 0.95 and AAPE
was 5.44% for using the training data set. For AV, the R was 0.97 and the ghdRied

2.81% as in Figur@>s.

PV Calculated vs actual (Training) AV Calculated vs actual (Training)
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Figure 24 Actual PV versus calculated P 1. Figure 25 Actual AV versus calculated AV
from predicted R 600 (training)
from predicted By and Roo (training)

For the testig data set, the correlation coefficients (R) were 0.90 and 0.97 for PV and AV

respectively, with still low AAPE as it was 6.22% for PV and 2.59% for AV as shown in
Figure26 for PV and Figure7 for AV.
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In Figure28, the predicted AV using the MWT and MFV was compared to actual AV with
R equals to 0.Band AAPE of only 2.77%. In FiguB9, the calculated values of AV from
the predicted R600 using the MWT and MFV were compared to the actual values and
showed the same result as the predicted AV which is assuring the high accuracy of the
model developedybthis paper. This comparison included all the data used for training and
testing. It shows the strength of the developed model using ANFIS. In addition, the same
data (741 rows) of training and testing were used with correlations in the literature which
were proposed by Pitt and Almahdawi for calculating the AV from the same parameters
(MWT and MFV) as in equation 1, and equation 2. Fi@grehows the resulted values of
AV from Pitt correlation as R is 0.69 and the AAPE is 64.24%. Figlushows the rested
values of AV from Almahdawi correlation with AAPE of 60.29% and R is 0.69. Teble
summarizes all of these results. The results proved that the ANFIS models developed by
this paper outperformed Pitt and Almahdawi correlations.
Table13 Accuracy comparison between ANFIS model and other literature correlations

AV (Pitt) AV AV  Calculated AV predicted

(Almahdawi) from predicted

Reoo
AAPE% | 64.24 60.29 2.77 2.77
R 0.69 0.69 0.97 0.97
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Figure 31 Actual AV versus Almahdaw

correlation

4.5 Conclusions

Adaptive neurefuzzy inference system (ANFIS) was used in this paper to construct the
models to predict the invert emulsion mud rheological properties as PV, s¥& RRo,
behavior index and AV using the more frequent field mesamant MFV and mud weight

as inputs. The work done before to utilize MFV in predicting rheological parameters has
provided correlations that were including the solid percent. This paper is skipping the effect
of solid percent in mud rheology using ANFISheique in optimization to emulate the
results of the training sets for different rheological properties. The developed models were
tested and validated by separate testing sets which were covering almost the same ranges
of the training sets which is assg the quality of this work. The main point of strength

of this work is that it provides the base for expert computerized system that can be
incorporated in an automated system containing sensors for measuring MWT and the time
of Marsh funnel viscosity thave a reatime measurement of rheology with high accuracy.
The MFV and MWT both have a strong relation with rheological properties of mud that
can be exploited in developing correlations but, considering the classification of the data
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used as per the rduype.Data preprocessing and qualifying are considered to be the main
challenges and that might need a strategy that goes behind the engineering sense.

The summary of the discussed results of this work can be summarized is as the following
points:

1 ANFIS models were able to predict the rheological properties with high accuracy
based on MWT and MFV only

1 The ANFIS models predict the rheology of the invert emulsion mud system with
an AAPE less than 4% and a correlation coefficient higher than 90% for all
prediction models for the training and testing data sets.

1 Using the predicted values for viscometer readings at 600 and 300 RPM to calculate
the apparent and plastic viscosity is showing great accuracy for the calculated AV
and PV.

The ANFIS model outperfored the other AV correlations in literature.
The model results will help the drilling engineers to have better control on the hole
cleaning parameters and monitor the drilling fluid rheology inties.
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Chapter 5 Prediction of Rheological Properties oHigh

Overbalance.

The mud rheological properties are determined according to the model that best describes
the mud behavior. Those mathematical models that may describe mud rheology are like
the Bingham plastic model which is a tparameter model. The design of tis¢ational
rheometer was conducted basically for the fluids following the Bingham plastic model.
Another rheological model is the powlaww model which is also a twparameter model

but, it is describing pseudoplastic fluids that have a decrease initys@dh increasing

shear rat@Hossain and AMajed, 2015) The model that is considered the most accurate
model for describing the rheologicalHavior of drilling fluids is the Herschel Bulkley

model which is a threparameter model.

5.1 Data Description and Statistics

The recorded data for this study were the mud weight and Marsh funnel viscosity that were
measured for the same mud samples. Theiphkascosity, yield point, apparent viscosity,

and behavior index of the same samples were calculated from the viscometer readings at
300 RPM and 600 RPM. All of the recorded data were for the same mud type but from
several drilling sites. The data colled was of a wide range that was essential to have
reliable general models.

The data used for building the artificial intelligence models contained mud weight for each
sample of a total of 383 samples with a wide range starting from 76 pcf up to 1Z@gcf
Marsh funnel viscosity was measured and recorded for each sample with very low values
starting from only 44 seconds up to 120 seconds. The plastic viscosity values ranged from
12 cP to 73 cP, while the yield point ranged from 14 1b/100ft2 39 |b/200fe apparent
viscosity ranges from 20 cP to 89 cP. The behavior index was calculated and shows a range
from 0.51 to 0.82. Tabledlsummarizes the statistical analysis of the model data.

Table14 Statistics of studied data for Mdnxidge oitbased mud

rm nf np g h ma
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[pcf] [sec] [cP] [Ib/200 [cP]

ft2]

Minimum 76.00 44.00 12.00 | 14.00 0.51 20.00
Maximum 120.00 120.00 73.00 @ 39.00 0.82 89.00
Mean 95.68 75.87 4453 | 22.71 0.73 55.88
Median 97.00 74.00 44.00 | 22.00 0.74 56.00
Standard

o 9.13 1285 9.66 3.78 0.05 10.41
Deviation
Kurtosis 0.82 | 1.40 -0.09 1 0.85 1.68 0.23
Skewness 0.53 1.05 0.17 0.62 -0.79 | 0.13

5.2 Data Preprocessing and Analysis

The approach that was employed in this study included the purification of the data before
usingsimple Matlab codes from invalid, unrealistic, and or missed portions of data were
removed to have a good quality dataset of 383 lines. This process was implemented to
remove the data outliers to improve the data qu&igtami et al., 201912019c¢)

The next step was to verify that there is a relation between inputs and outputs by checking
the correlation coefficient (R) between inputs and outputs.

Strong relations between the parameters were shown as per the correlation coefficients
(Figure32). Mud weight increase has a direct relationship to viscosity and the data used in
this study showed the highest correlation coefficient with apparent viscosity which is
logical and natural. Mud weight had a slightly less correlation coefficient wétstipl
viscosity (0.67) and with apparent viscosity (0.68). Numbers are pushing towards the fact
that highquality data is available for having accurate models with mud weight having a
correlation coefficient of 0.43 with behavior index. the least coragiatpefficient was

with yield point. The correlation coefficient between mud weight and yield point was 0.29
which is still good. This low R might be attributed to the nonlinear relations between the
parameters.

The correlation coefficient between the @tlinput that was Marsh funnel viscosity and

apparent viscosity was also the highest among all the rheological parameters and was as
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high as 0.59 while plastic viscosity was in second place with 0.57 that is still a high
correlation coefficient. The n hate lowest but, not low correlation coefficient of 0.30

while the yield point had a 0.34 correlation coefficient with Marsh funnel viscosity.

® Mud weight = Marsh funnel viscosity

0.80
2 0.70 0.67 0.68
= 0.60
€ 0.50
S 0.40
£030
;:; 0.20
£0.10
© 0.00

Plastic Viscosity  Yield Point Flow Behavior Apparent
Index Viscosity

Figure 32 Relative importance of inputs to outputs of the Study

5.3 Optimization Tool and Approach

The technique of artificial neural networks is widely used for its efficacy and reliability in
the petroleum industry disciplines as fluid properties mod@iackevandiTalkhooncheh

et al., 2018; Mahdaviara et al., 2021; Rostami et al., 20i8&@rvoir floodingKamari et

al., 2017; Rostami et al., 204,82018c) rock properties estimati@ahdaviara et al

2020; Rostami et al., 20194} can imitate various complex issues that cannot be dealt
with using simple notinear regression techniquégwu et al., 2018)Artificial neural
networks provide a good way fanalyzing the problem characteristics and the parameters
interrelations based on the data analy@®csP. Lippmann, 1987)It was originally
designed to mimic performance characteristics of ne(ia@kamoto Pat, 2017)The
elementary units of artificial neural networks are artificial neurons. The required layers of
the artificial neural network structure are known as the input, hidden layer, and output
layer. In addition to the appropriate transfendtion that represents the nature of the
problem, the network also contains a training algoritdakamao Pat, 2017)In each

layer, neurons are connected with other neurons by constant parameters called weights and

biases in the next laygtinton et al., 2006)For regression tasks, (pure linear) transfer
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function is used in the output layer, in addition to-gigmoid and tarsigmoidal are
common types for the transfer funct{diiculescu, 2003)

Al has recently been widely used inetliield of fluids for drilling. Some of these
applications involve optimizing drillin@ello et al., 2016)optimizing hydraulicBVang

and Salehi, 2015)and predicting rheological characteristics of invert emulsion
mudElkatatny, 2016) waterbased KCI muElkatatny, 2017) drilling liquid
CaClZGowida et al., 2019and watetased NaCl dritin fluid(Elkatatny, 2019)

After data purification and quality checks, the next step is to choose the artificial
intelligence technique that would approximate functions for predicting the rheological
parameters from mud weight and Marsh funnel viscosity.ngwal networks technique

was chosen that helped to extract the AldBised equations in this study to make them
availabk for usage in automated systems or simple comparison with other research. The
data set was prepared for the training process within the code that was developed using the
Matlab program. The data set was used for training for the prediction of a siruteyita!
parameter in time.

With several trials to have the optimum parameters for the neural network used for the
prediction of each rheological parameter and tuning of the artificial neural network
parameters. Each rheological property as plastic vigcasd yield point was considered

a separate problem that needed to be defined in a separate neural network. A file containing
the inputs, which were mud weight and Marsh funnel viscosity along with the output that
was a single rheological property waaded and the parameters were defined.

To have an improved generalization of the developed models, the data set was divided into
a training set that would be used in training and a testing set that is separate from training
and will not be seen by the nalinetwork while training. The testing set is used to check
the strength of the trained model.

A feedforward neural network was used with a single hidden layer which was powerful
enough to have excellent accuracy. Training function of a network, updeigistsvand

biases values according to certaiptimization. A backpropagation Levenbesiglarquardt
algorithm was used which is the fastest method with mediaed networks and it is the

most efficient when used with Matlab software. For each rheologmaneter, the

number of neurons in the hidden layer had a significant effect on the accuracy of the trained
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model and was considered to be the main hyperparameter. Other hyperparameters were
selected and tested for their results. The evaluation of tnedranodel was not measured

only with the accuracy of training but also, the testing stage was included in the evaluation.
The correlation coefficient between the resulted values for the output from the developed
artificial neural networks model and the reeeed values were used as an indication of the
guality of the models. Average absolute percentage error was used also as another indicator
for the amount of error resulting from the model when compared to the recorded
rheological parameters. The process Vilee building four different models or dealing with

four different problems. Those four models were successfully developed for predicting the

plastic viscosity, apparent viscosity, yield point, and flow behavior index.
5.4 Results

For all the four parametengvestigated in this study, the number of neurons in the hidden
layer that resulted in the most accurate models was found to be the same for all and was
thirty-two neurons. The transfer function was changing as well in the trials to choose
between the logigmoid function and the tan sigmoid function but, also for all the four
parameterdt was found that the tan sigmoid function to be the best transfer function. This
made the architecture of the artificial neural networks for all the four developedstinglel
same. The weights and biases were then extracted from the code for all the models. The
neural networks have internal normalization for the input and output values between (1)
maximum and 1) minimum. To have equations that would be useable at amylesi
program or automation process, Equatib8snd19 for normalization of the inputs must

be used where the normalized parameters would have a subscript (n) added to their

symbols.
r W™To X@ p (18

m TIgen TT P (19

The equations extracted from the neural networks used in the optimization process would
be using the normalized inputs and a table ofglaits and biases for each output. It is
needed to use equations to denormalize the output to get the predicted value. The equations

20to 23 were used for the denormalization as following:
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The normalized outputs had their equations related to the inputs accortlegttansfer
function used with all the four networks for the four parameters was (tansig). The training
set had 223 points which constitute 58% of the total data set that is cleaned purified and
checked for quality.

5.4.1Plastic Viscosity Model

The artificialneural network architecture of a single hidden layer extracted the inputs as
mud weight and Marsh funnel viscosity while the output was defined to be plastic viscosity
only. Several automatic trials through a loop that is running the learning algorithm wi
changing the number of neurons starting from 5 neurons up to 50. Regarding the trials, they
included loops for different randomization of the data with training data set percent
minimum 50% to 80%. The trials included changing the training function tioem
following: trainlm, trainbr, trainscg, trainrp, trainbfg, traincgb, traincgf, traincgp , trainoss,
traingdx, traingdm, traingda and also, the transfer function was chosen from several trials
for the following different transfer functions: tansig, laglliotsig, purelin, satlin, satlins,
poslin. The optimization process included the testing stage with 160 points. The values of
correlation coefficient and average absolute percentage error for training and testing with
each number of neurons tried werecorded and the whole process was evaluated
according to that. The optimum number of neurons on the hidden layer was 32 neurons that
achieved R of 0.96 and AAPE of 4.59% for the training phase between the model results
and the actual values (FiguB8a) The correlation coefficient of the testing set for the
plastic viscosity model was lower but still accurate enough to have a robust model as it was
0.93 along with a low AAPE of only 5.31% (Figu38b). The equation (Equati@4) was

extracted from theasulted artificial neural networks model.
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Figure 33. Plastic viscosity ANNoased model results vs the actual measurem@)ts.

Training data se{b) Testing data set.
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A table containing the weights and biases was extracted from the network with the number
of neurons (Nand neuron index (i). The weights (w1l and w2) are existing in 1&d®ng
with the values of the biases (b1). For the bias (b2) it was found t&.B6)(

Table 15Weights and biases for plastic viscosity model

i wlii wli2 b1 W2,

1 1.33 -9.42 -6.60 -7.39

2 -2.17 9.12 6.80 7.71

3 0.58 4.08 0.87 -21.32
4 -1.30 3.97 0.26 -25.99
5 -1.59 7.00 0.73 12.50
6 21.75 -25.02 -16.43  24.50
7 -51.37 -22.45 24.45 -0.28

8 -13.74 27.31 7.78 20.04
9 -0.98 3.89 -0.17 20.48
10 -25.38 -12.95 27.79 0.45
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11 -1.74 -4.21 1.15 2.19

12 2.88 8.99 1.583 7.89
13 -12.97 7.67 10.95 0.92
14 83.37 62.30 -39.01 -0.15
15 -1.61 21.59 -3.63 -0.22
16 5.81 -14.21 3.51 0.50
17 -10.99 -3.34 -0.84 0.56
18 0.05 4.16 4.07 2.32
19 -4.81 -16.99 3.72 -0.32
20 53.55 24.65 22.20 -0.41
21 3.58 1.57 0.82 5.55
22 -4.53 -12.69 -2.20 3.38
23 -69.70 49.28 -35.31 0.16
24 -17.97 -9.71 -4.14 8.91
25 -1.77 -24.01 -6.48 -12.37
26 21.10 11.73 4.85 7.32
27 -10.03 3.69 -9.53 12.05
28 -9.05 -28.79 -71.42 7.26
29 1003 -1.85 9.24 12.42
30 -5.09 -12.83 -4.44 6.40
31 3.87 5.39 9.08 0.10
32 -1.69 -6.64 -8.99 1.83

5.4.2Yield Point Model

By following the same approach, the results of the yield point model showed that R was
0.91 for both training and testing data sets asvshin Figure34. AAPE was 4.85% and
4.98% for training and testing processes respectively. The model equation was extracted
for normalized yield point is EquatidZb with the bias (b2) to be (15.90) and the rest of

the weights and biases areTliable16.
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Figure34. Yield Point ANN-based model results vs the actual measurem@piBraining
data set(b) Testing data set.
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Table 16 Weights and biases for yield point model
i wli,1 wli,2 b1li wW2i
1 -8.96 -8.25 13.10 -7.59
2 11.67 -5.97 -11.34 -5.84
3 11.16 18.61 -18.65 -2.01
4 -11.72 -0.21 9.01 -4.04
5 15.47 -13.44 -9.78 -0.75
6 1.59 -6.08 2.36 0.40
7 -26.20 -22.20 18.88 -0.09
8 -11.97 1.36 8.69 4.34
9 39.19 15.14 -5.63 0.15
10 -2.09 8.52 2.02 -4.54
11 -14.66 4.78 411 -1.40
12 0.86 2.81 -0.81 2.81
13 -0.66 1.55 1.08 -20.42
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14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

3.37
-5.67
15.06
28.67
-8.58
-5.66
-1.61
5.15
5.03
-36.30
-30.67
14.83
5.42
-4.57
-6.77
-0.82
-1.15
414
60.64

-64.51
2.52
-7.76
10.46
-3.87
-3.90
-3.36
3.12
0.34
43.15
-2.51
-0.52
0.73
-0.22
-4.78
6.75
4.40
-0.89
-75.65

12.18
1.50
2.23
-2.17
1.29
-0.90
-0.59
0.90
4.54
-46.10
-11.63
12.53
2.98
-2.56
-5.97
2.18
-10.74
4.06
77.30

0.03
3.25
-0.06
0.14
0.86
-4.15
-2.77
-6.51
-12.18
-8.20
0.21
1.18
-8.41
-9.21
-1.77
13.43
-7.58
7.92
-25.77

5.4.3Flow Behavior Index Model

Figure35 shows that the results of the flow behavior index model were 0.91 and 0.94 for

R, while AAPE was 1.68% and 1.66% of the training and testing data sets respectively.

Weights and biases for normalize flow behavior index equéiiqnation26) are inTable
17 and the bias (b2) wasl(1.80)
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(Training) Predicted (Testing)

_ 09 ~ — 09

1] — (1]

'3 085 R=0.94 s g 085 | R=0.91

< g8 < o8

5 Ey AAPE=1.66%

5 075 5 075

= =]

= 07 — 07

2 =)

> 0.65 > 0.65

1] 1]

< s < s Nt

0 o -

3 055 3 055 =

o i) -

w 05 . 05

0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9
Flow Behavior Index Predicted Flow Behavior Index Predicted

(@) (b)

Figure 35. Flow behavior index ANNoased model results vs the actual measuremnaits.

Training data se{b) Testing data set.
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Table 17 Weights and biases for yield point model
[ wli,1 wli,2 bli W2i
1 -10.44 -22.29 17.44 0.30
2 3.98 -3.12 -2.07 26.42
3 2.79 6.77 -6.28 -10.81
4 -5.49 -11.62 7.49 0.89
5 4.77 -3.59 -1.87 -16.65
6 -2.62 -11.46 6.91 -0.99
7 -9.99 -14.17 7.81 0.70
8 -5.93 2.16 4.43 8.51
9 0.08 19.03 -9.44 0.52
10 -12.18 18.22 4.31 -5.59
11 -11.19 10.72 2.95 -2.42
12 9.82 9.20 -2.51 -0.54
13 -10.10 14.90 3.65 8.31
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14 -0.31 -6.39 1.75 -2.65

15 -1.07 4.70 -1.46 -3.02
16 55.36 -2.96 -4.77 0.14
17 68.35 97.62 -12.16 0.07
18 -21.34 -8.67 -5.16 0.38
19 -95.59 -75.21 -18.50 -0.23
20 -5.08 -4.72 -2.53 -3.38
21 51.58 -14.56 25.76 0.91
22 56.68 1.81 26.98 -0.90
23 -26.53 51.01 -32.09 -0.30
24 -4.56 0.72 -3.15 15.06
25 6.49 12.62 5.26 14.43
26 8.68 16.82 8.10 20.01
27 -5.53 2.04 -3.94 -9.35
28 -4.36 -11.25 -4.05 18.64
29 8.50 13.19 7.34 -12.94
30 1.63 421 -4.25 21.03
31 42.48 -53.25 54.61 24.22
32 32.07 -40.70 40.84 -2.17

5.4.4Apparent Viscosity Model

The apparent viscosity model performed well for training and testing phases and the results
showed R of 0.97 and 0.93 with AAPE of 3.51% and 4.67% for traiand testing
respectively (Figure36). Table 18 represents the weights and biases for the apparent

viscosity equation (Equatia) while bias (b2) was (9.96).
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Actual Apparent viscosity (cP) vs Actual Apparent viscosity (cP) vs
Predicted (Training) Predicted (Testing)
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Figure 36. Apparent viscosity ANNoased model results #se actual measuremen(a)
Training data se{b) Testing data set.
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Table 18 Weights and biases for apparent viscosity model

i wli,1 wli,2 b1li W2i

1 -30.20 -31.64 3535 8.63
2 2.93 -0.85 -8.30 -8.11
3 -0.38 17.62 -13.69 -0.08
4 -32.52 -33.64 3785 -7.90
5 1090 -6.99 -7.60 13.86
6 -5.95 -1.72 7.41 -1.09
7 -29.97 -17.05 15.10 0.39
8 -12.75 8.86 8.89 11.49
9 3.33 17.20 -6.35 0.26
10 -9.54 10.62 454 25.60
11 -1099 3.08 4.16 -2.46
12 3341 68.75 -23.10 -0.20
13 -8.81 10.66  3.93 -24.29
14 -38.69 -156.60 8.64 0.07
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15 -8.95 8.48 2.54 3.10

16 2795 -4.76 0.45 -0.17
17 5.90 -0.43 1.34 19.38
18 -6.39 0.52 -1.43 18.22
19 -16.54 -18.43 -3.52 5.95
20 -23.38 2.93 -9.92 -8.94
21 21.81 -2.68 9.22 -9.70
22 37.14 10.01 25.67 -2.65
23 -67.91 27.82 -26.97/ -0.11
24 -16.20 -17.94 -3.45 -6.08
25 16.30 9.66 11.10 9.80
26 15.36 16.58 10.25 -24.79
27 -27.36 3042  -33.45 -15.53
28 -15.74 -18.78 -10.45 -17.88
29 15.80 -14.48 1489 0.57
30 -25.31 8148 -38.20 -0.14
31 6.54 -4.40 5.83 -1.08
32 3146  -30.37 3795 -33.55

5.4 5Crossvalidation of the Four Models

The training data set used in developing the four models has gone through rigorous
checking using the crosalidaion technique. The training data was distributed over five
portions. Each partition is used to test the developed model with the results recorded and
compare to each other as in Tab$dists the correlation coefficient (R) for the testing fold

of the fou rheological parameters and Talde lists the AAPE. It was found that the
accuracy of the models was assured according to the evaluation that needed several runs

for each rheological parameter.

Table 19 Correlation coefficient (R) for the testing fold for the four rheological parameters

np g h ma

63



R1 0.97 0.91 0.97 0.96

R2 0.97 0.81 0.92 0.97
Rs 0.96 0.91 0.92 0.98
R4 0.98 0.81 0.92 0.97
Rs 0.96 0.88 0.94 0.97

Table 20 AAPE for the testing fold for the four rheological parameters

np g h ma
AAPE1 % 4.7 6.5 14 4.1
AAPE2% 3.9 7.0 19 3.2
AAPE3z % 4.7 4.9 1.7 3.0
AAPE4+% 4.3 7.6 1.6 3.7
AAPEs % 4.6 54 1.7 3.6

5.5Discussion

The study succeeded to employ the artificial intelligence as an approadbetter
prediction of the mud rheology in retiine from the only two inputs. In addition, the study
enhanced the automation process for tracking the mud rheological properties for better
performance in the drilling operations. The developed modelshéomntud rheological
properties were compared with other conventional m@aeleahdawi et al., 204; Pitt,
2000)to check the prediction accuracy. HRitt, 2000)had developed an equatidrat can

be used to calculate the apparent viscosity depending on mud weight and Marsh funnel
viscosity. This correlation was updated by Almahd&lnahdawi et al., 2014)The
developed correlations by KRitt, 2000)and AlmahdawijAlmahdawi et al., 2014yvere
developed depending on samples not representing all types of mud which makes it
unreliable when exposed to different types of mud.

Studying the relation between Marsh funnel viscosity and rheology considering the type of
mud is a more successful approaEiktatny et al(Elkatatny et al., 20163ucceeded in

having highly accurate models not only for apparent viscosity but also, for the plastic
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viscosity, yield point, flow behavior index and the flow consistency index. Hawthe

study included the solid content measured in percentage as a parameter on the developed
models that involve an issue for measurement error. The rheology of mud predicted from
mud weight, Marsh funnel viscosity and in some studies solid percentria sther
studies, it was possible to omit the solid percent from inputs, was revisited by researchers
many times manipulating data for different types of mud.

ElkatatnyElkatatny, 20163lealt with invert emulsion mud using artificreural networks

but, including the solid percent on the inputs besides mud weight and Marsh funnel
viscosity. This type of mud was revisited by Alsabaa ¢Aklslabaa et al., 202Q)sing an
adaptive networbase fuzzy inference system (ANFIS) into having highly accurate
models predicting rheological properties but, this time without solid percent which is an
advantage that allows for high resolution of rheology tracking with no time consumed in
determining thedalid percent on mud sample.

Elkatany et a(Elkatatny et al., 2017have used simpleom-linear regression technique

into developing models for predicting rheology of invert emulsion mud using mud weight
and Marsh funnel viscosity as inputs and the developed equations were included in that
research. The equations developed by Elkatatny.@&llatatny et al., 2017for invert
emulsion mud are indicating logarithmic relatibips between Marsh funnel viscosity

(nF) in seconds and plastic viscositp] (Equation28) measured in (cP), yield poird)(
(Equation29) measured in (Ib/100ft2), flow behavior inddx) (Equation30), apparent
viscosity fra) (Equatior81) measured inoP).The mud weight is used as input in Equation

28 to Equation31 and was measured in (g/cm3) which needed conversion for values of

data used here in this study as mud weight was in (pcf).

t pX oM zZI T1C oB XX W (29)
g p®TWwCMm 21 1T(C o p@T (29
h Mpdea 21 TiIC PRT W TWT U W (30)
t p@®oom 21 I{C o TP Y@ (30
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5.6 Comparison With Published Studies

One of the earliest studies behind the relation between Marsh funnel viscosity and mud

rheology, was done by Riftitt, 2000) The formula that PitPitt, 2000)developed for

predicting the apparent viscosity depending on mud weight and Marsh funnel viscosity can

be used with the 383 data points to evaluate the value of the work done here compared to

previous studies. It was found that the correlation coefficient for the resapfmarent
viscosity from Pittds equation (equation 1) w
developed from this study is much more accurate as it had a correlation coefficient of 0.96

and the values resulted from this model had higher quality wheoked for average

absolute percentage error that was extremely low and was 3.99% which is far less than the
average absolute percentage error from Pittads
the modified version of iPdst tedgsu atgiuoan i(oenqg u ahtaito r
outperformed by the model developed by this study for predicting apparent viscosity when

tested against the 383 points used with a correlation coefficient of 0.73 and high error in

terms of average absolute percentagerdhat was 73.87% (Figuf¥). The results from

this comparison confirmed the success and the high accuracy of the developed ANN

models.
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Figure 37. Actual values of apparent viscosity versus predicted values from the equation
devel oped by this study, Pittdés equation, and
The whole data set used for training and testing for the-iMialge oitbased mud models

was used in the comparison with other mod#lsatatny et al., 2017)Generally, the
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developed models for the Mdoridge oitbased mud outperformed all the models
developed by Elkatatngt al(Elkatatny et al., 2017h terms of R (Figur&8a) and AAPE

(Figure38Db).
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Figure 38. Accuracy comparison between Elkatatny et al. equations versus the developed
models in this paper for Mabridge oitbased mud(@) R; (b) AAPE.

5.7 Conclusions

This work facilitates the monitoring of rheological paeters in reatime with an
automated approach using the ANN. High frequency measured data like mud weight and
the Marsh funnel viscosity are used directly to predict the rheological parameters-of Max
bridge oitbased mud. The following finds can be coded:

1 Four ANN models was developed for predicting the rheological properties, such as
plastic viscosity 1fp), yield point ¢), flow behavior index K), and apparent
viscosity (ra), in a reatime with high accuracy.

1 Each model has its optimized parametdrewever, thirtyywo neurons in the
hidden layer and tan sigmoid (tansig) function transfer function were the best
parameters for all models.

1 The models' training and testing phases showed a strong performance with R
greater than 0.91 and AAPE less tha3ilSo.

1 The models outperformed the other published studies while comparing the models'

prediction in terms of R and AAPE between the actual and predicted values.
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1 The study provided empirical equations for estimating the mud rheological

parameters to be engyled for estimation in redgime with high accuracy.



Chapter 6 Prediction of Rheological Properties oHigh

Density Mud

6.1 Materials and Methods

The study used a collected data for the Micromasbaied mud system. The data was
gathered from the mud reports thateoall the measurements for the mud rheology. These
measurements were performed as per the typical field procedures to acquire and report the
mud properties as deeply explained in the experimental testing for the dhilldggin the
introduction part.

The developed models were built by utilizing the ANN tool to develop a separate model
for each property based on the model parameters optimization. The model accuracy was
determined by calculating the correlation coefficient (R) and the average absolute

percentage errors (AAPE) between the actual and predicted values.

6.1.1Study Approach

The approach layout for the study is shown in Fi@@that started from the data collection

for the rheological properties from the mud reports, then, the data preprockssing
enhancing the data quality by performing the data cleaning and filtering to remove the
illogic values from the wrong measurements and the outliers. The data statistical analysis
is very important especially for determining the data range (minimum xinmaen) for

each property as this will affect the model application limitations as the wide data range
will be better for providing a good range for the training database for the developed models.
The data analysis helped to reveal the interrelations betiheeheological properties and

the complexity level for correlating these parameters. Building the models started after the
data preprocessing for the highality data by optimizing the ANN model parameters for
better prediction and study the sensitivior each model parameter on the prediction

performance. The model performance was checked to determine if the accepted accuracy
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level is achieved or not based on the R and AAPE values. the model retraining process
might be encountered in case of the perfance level is not accepted. Finally, the best

model parameters and results were reported.

Data
Collection

Data
Preprocessing
and Analysis

Model
Building

Model
Performance

. ®

Data collection * Data cleaning * Learning * Check * Record the

form mud * Removing algorithms accuracy level best model

reports outliers * Sensitivity (R and AAPE) parameters.
= Statistics Analysis .t{f acceptsed, « Report model

« Analvsis * Parameters 1€11, ave results.
Y optimization AT model
» If no,
re-train the

model.

Figure 39 The approach layout for the study.

6.1.2Data Description and Statistics

The recorded parameters covered all the six propertiethdoMicromax oHbased mud
which are plastic viscosity, apparent viscosity, yield point, flow behavior index, and
consistency factor (model outputs), in addition to, the mud weight and Marsh funnel
viscosity (model input parameters). This study introduzeovel contribution regarding
selecting only two inputs for the model development which are mud weight and Marsh
funnel viscosity as the other studies in the literature included other inputs like the
temperature, shear rate, and solid coifggwu et al., 2018; Razi et al., 2013Bhd hence,

the new approach will save time and eliminate the measuremers ter the da{@lsabaa

et al., 2020) The study uses only mud density and Marsh funnel as model inputs as these
parameters have highequency measurements (three to four times per hour) and easy to
measure on the rigte without advanced lab testing.

The data set covered 382 data points after the data cleaning and preprocessing to remove
all the illogic values and outliers. As shown in Takilethe data represented a wide range

for the rheological properties as the anweight ranged from 75 to 120 pounds per cubic
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foot (pcf), marsh funnel from 49 to 110 seconds, plastic viscosity (PV) from 8 to 50 cP
while apparent viscosity (AV) from 19 to 63 cP. The mud yield point (YP) ranged from 16
to 58 1b/100 ft2, and flow behaor index f) has a range from 0.25 to 0.79.

Table21 Data statistical analysis

Statistical rm nt PV YP AV
Parameter [pcf] [sec] | [cP] [Ib/100 ft?] h [cP]
Minimum 75 49 8 16 0.25 19
Maximum 120 110 50 58 0.79 63
Mean 94.5 71.6 218 30.9 0.48 37.2
Median 92 71 16 31 0.41 33.5
Standard Deviation | 13.08 | 10.71  11.70 8.26 0.15 10.23
Kurtosis -0.83 | -0.41 -0.13 -0.47 -0.64 -0.50
Skewness 0.57 0.24 1.20 0.35 0.93 0.78

6.1.3Data Analysis

The correlation coefficients were studied between rtiwglel inputs and outputs and
showed a strong direct relationship between the mud weight and plastic viscosity (R is
0.81), between mud weight and flow behavior index and apparent viscosity where R are
0.74 and 0.75 respectively, while the mud weight wasd to have an indirect relationship

with yield point and consistency factor by R-6f44 and-0.55 respectively. The Marsh
funnel reported a weak direct relationship with the outputs with R ranged from 0.15 with

the flow behavior index to 0.52 with tlapparent viscosity as shown in Figd
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Figure 40 Correlation coefficients between the model inputs and outputs.

The model inputs and outputs were plotted to study the scatter plots for the data and as
shown in Figuretlthereis no clear type of relationship and this ensures the complexity of
the problem in this study. The application of machine learning is considered helpful for

this case as it will provide a high learning capability between the relationships of the
parametes.
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Figure 41 Scatter plots between the model inputs and outputs. a) PV, b) YP, @) and d) AV

6.1.4Artificial Neural Networks Technique

The artificial neural network tool was utilized for solving engineering problems by its

processig algorithms based on interconnected artificial neurons that mimic the biological

neural network@bbas et al., 2019; Bello et al., 2019)hree layers represented the

common architecture for ANN which are the input, hidden, and output (&gi& et &,

2011) Weights and biases are utilized in the ANN structure to link the layers and affect

the network performan¢B. P. Lippmann, 1987PDifferent algorithms are used for model

training and controlling the neurons proces@@mgves et al., 2009Many parameters

were tested to check the impact on the ANN model accuracy as the hidden layer/s number,

the neurons™ number, network, training, arahsfer functions. Figuré2 demonstrates the

structure of the developed ANN models in this study.
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Figure 42 ANN structure for the developed models.

The model parameters as network function, training function, transfer funutimioer of

hidden layers, and number of neurons in the hidden layers were optimized through
sensitivity analysis to check the model performance and get the best prediction results.
The data was divided into two sets for training and testing the modelifeardnt learning
algorithms were utilized to obtain the best learning for the relationships between the inputs
and output rheological property. For each rheological parameter, the best model parameters

were reported based on the best model accuracy.
6.2 Resuts

6.2.1Sensitivity Analysis

The model performance is highly affected by the model parameters for the ANN, and
hence, sensitivity analysis through many trials procedures for the best model parameters in

terms of the number of hidden layer/s (h), the numbaeafons in the hidden layer/s (N),
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network function, training function, and transfer function should be performed to record
and save all of these parameters. Increasing the number of hidden layers and neurons will
help to increase the model accuracy, hasvewhis will cause an increase in the
computational processing time for running the model. The simple ANN structure with
fewer hidden layers and neurons will provide better computational processing time for the
model but might not provide high accuracy floe developed model. Hence, achieving the
best accuracy results with the simple ANN structure (hidden layers and neurons number)
is required through the sensitivity analysis process for the model development.

The sensitivity analysis was executed fordataset and the model accuracy was evaluated
through the statistical metrics as the correlation coefficient (R), and average absolute
percentage error (AAPE) between the actual and the predicted values. The sensitivity was
done for a wide range of the negharameters and Talfl@ represents the best parameters

for each rheological property with the accuracy for the training and testing results.

The sensitivity showed that all the models achieved the high results for both training and
testing phased dumgndeveloping the rheology prediction models as R was higher than 0.97
and AAPE was less than 7% during the model training while for testing the models R was
high for all the models except for the yield point model that recorded 0.92 and the
maximum AAPE wa 9.3% for the plastic viscosity model.

All models were tested for neurons number from 5 to 40 using only one hidden layer to
have a simple structure for the ANN models and the N ranged from 7 for the AV model to
record 10 for the PV model. Bayesian regidation backpropagation function was found

to be the best training function for all the models that updates the weight and bias values
according to Levenberlylarquardt optimization as it minimizes a combination of squared
errors and weights, and then@®hines the correct combination to produce a network that
generalizes well and this process is called Bayesian regularization. The best network
function was fitting neural network function PV model while feedforward backpropagation
network function and ptdrn recognition network functions were the bestif@nd AV
models respectively. The optimum transfer functions between the inputs and hidden layer
were logsigmoid transfer function, hyperbolic tangent sigmoid transfer function, and

radial basis transfdunction for PV and YPh, and AV models respectively.
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Table 22 Sensitivity analysis results

Model = ANN Model Parameters Training Testing
Results Results
h ' N | Network Training Transfer R AAPE R AAP
Function Function Function % E%
PV 1 10 fitting neural |
0 -
network .g . 098 7.0 0.98 9.3
' sigmoid
function

YP 1 8 fitting neural
log-

network _ . . 0.97 5.0 0.92 7.8
Bayesian | sigmoid

function o
regularizati
h 1 9 | feedforward _
on hyperboli
backpropagai
_ backpropag ¢ tangent 0.98 | 4.0 0.97 6.6
ion network . .
_ ation sigmoid
function
AV 1 7 | feedforward
backpropagat radial
_ Propag . 097 5.1 0.96 6.3
ion network basis

function

6.2.2Models Training Results

The training of the network was done to obtain the best models that can predict the output
rheological property from th@put data. Input for all models was only the mud weight and

the Marsh funnel viscosity. The training data set for developing the models are 244 data
set that is separate from the testing data set. The predicted values for the training data set
were compare to the actual recorded values to indicate the models' accuracy.

The final acceptance of the developed models is not decided till the model is tested by the
testing data set that is unseen by the model during the training process. In this research, the
accuracy of the predicted values for the training and testing data sets are shown separately
to show the quality of the predicted models.
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The predicted values were compared to the actual values in terms of R and AAPE. The
models that obtained the highestretation coefficient (R of 0.98) for the training data set
were the plastic viscosity (PV) and the behavior indgxaé shown in the plots of Figure

43a and 5c respectively. The yield point and apparent viscosity were not far as they got R
of 0.97 (Figure43b and43d).

The highest average absolute percentage error was for the plastic viscosity (PV) that had
only 7% (Figure43a) while the behavior indexh] was the lowest AAPE with only 4%

(Figure43c). The apparent viscosity (AV) and the yield point (Yi®)dels were of only,
5% AAPE (Figure43b and43d).

PV Predicted vs Actual (Training) YP Predicted vs Actual (Training)
60 —
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Figure 43 Training results for the rheological properties prediction. a) PV, b) YP, ch, and d) AV

In addition, the rheological properties plots for the actual versus prédioteshown in
Figure44which represents the high degree of match for the log profiles of each rheological
property (PV, YP,h, and AV) as shown in plots of Figuria, 44b, 44c, and44d

respectively.
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Figure 44 Rheological properties logs for actual versus predicted values (training set). a) PV, b) YP, @) and d)
AV

6.2.3Models Testing Results

The main criteria to accept the trained model is the accuracy with a separate data set that
is unseen by the model during training. Thesen testing set is of almost the same range
as the training data set to assure the integrity of the model. The developed models were
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tested with the unseen data set (138 data points) for the testing process. The plots of Figure
45 show the testing resslfor the rheological properties prediction for PV, YiPand AV
rheological properties models (Figutea,45b, 45c, and45d respectively). The correlation
coefficient recorded higher than 0.96 for all models except for the yield point model that
had a orrelation coefficient of 0.92 (Figud#bb) and the AAPE ranged from 6.3 (for the
apparent viscosity model) to 9.3% (for the plastic viscosity model). This AAPE values are
accepted based on the values of the rheological properties for the currentidaddigbn

to the log profiles for the actual and predicted values.
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Figure 45 Testing results for the rheological properties prediction. a) PV, b) YP, @), and d) AV

The rheological properties profiles were plotted to shmactual versus predicted values

for the testing data set as represented in FigGee46d plots for PV, YPh, and AV
rheology models respectively.
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Figure 46 Rheological properties logs for actual versus predicted values (tegy set). a) PV, b) YP, ch, and d) AV

The real measurements versus the predicted values were plotted to present the rheology

logs based on the obtained results accuracy from training and testing results. The rheology
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data profiles proved the acceptaxtaracy for the models bason on the recorded statistical
metrics R and AAPE.

6.2.4ANN-Based Equations

New ANN-based equations were extracted from the weights and biases of the ANN
rheological prediction developed models. The AN&sed equations are proposed&o

used easily without the need for the developed machine learning code. To utilize the
developed empirical correlation, the input values should be normalized to be in the range
betweenl and 1 as per Equati@2:

8 8
8 8 P

8 q? (32
where,8  represents the normalized value for varig®l8 is the value of variabl8,

8 is the minimum value of variabi 8 is the maximunvalue of variableS.
The minimum and maximum values for each variable that are used for data normalization

are presented in Tabi3.

Table 23 Minimum and maximum values for data normalization

Statistical rm ni PV YP AV
Parameter [pc] [sec] | [cP] [Ib/100 ft?] " [cP]
Minimum 75 49 8 16 0.25 19
Maximum 120 110 50 58 0.79 63

The proposed equations can be used for rheological properties prediction in the normalized
form. The form for each property is determined by the model tnafusfetion as shown in

the following equations:

1

Fo o

M= ;M. O Ny 1 (33
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where,.

(34

+ (39

is the number of neurons in the hidden layer, is the weight associated with

each feature between the input and the hidden layerss the weight associated with

each feature between the dh and the output layes, is the bias associated with each

neuron in the hidden layeh, is the bias of the output layer.

The weights and biases were extracted from the ANN structure of the developed models

after saving the final optimizeaktwork for each output. The correlations use the weights

and biases that are listed in Tal®?ds25, 26, and27 for the four rheological properties.

Table 24 Weights and biases for PV model

i wli,1 wli,2 b1li wW2i b2
1 5.65 -5.30 0.05 -1.75 2.17
2 2.43 2.09 0.23 -2.01

3 2.43 1.22 -0.68 3.13

4 -2.75 -5.43 0.00 -2.71

5 -1.02 7.24 -0.83 -3.20

6 -5.05 4.04 -1.06 -5.49

7 -8.17 2.23 1.28 -2.39

8 4.46 -0.26 -0.49 5.33

9 -0.22 3.50 0.83 -2.06

10 -9.24 -0.25 -0.65 4.63

Table 25 Weights and biases for YP model
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Table 26 Weights and biases foin model

[ wli,l  wli2 bli w2i b2
1 1.79 -0.51 -1.96 4.25 1.58
2 -1.84 -3.28 -3.19 -4.52

3 -3.21 4.39 -1.81 -2.80

4 3.42 -3.38 -1.97 -2.53

5 -1.56 1155 0.39 3.00

6 -10.57 -0.08 -2.79 -5.78

7 -5.00 -3.79 0.43 6.17

8 8.15 0.32 491 3.35

[ wli,l  wli2 bli w2i b2
1 -4.03 -0.20 -2.65 -2.75 -0.28
2 0.59 3.13 2.49 -3.22

3 3.68 2.10 -0.21 -3.67

4 -5.93 -1.10 -2.54 2.20

5 -3.47 -2.76 -2.10 2.48

6 -3.47 4.97 2.22 4.47

7 1.71 -2.37 -1.96 2.27

8 0.61 3.46 1.32 2.09

9 -2.76 3.17 -0.61 -2.76

Table 27 Weights and biases for AV model

i wli,l  wli2 bli W2i b2
1 -3.43 -0.13 -0.19 1.73 -0.11
2 -1.16 -1.74 0.35 3.67

3 0.95 0.67 0.79 2.66

4 1.23 -3.41 -1.00 -1.89

5 -0.41 1.20 -0.21 1.17

6 3.04 -1.10 1.27 1.89

83



7 4.03 -0.03 1.60 -2.37

Finally, to convert the obtained normalized values for the rheological properties to actual
values, Eqation 36 can be used again to determine the actual values by rearranging the
eguation parameters to be:

8
8 A 8 8 8 (36)

6.3 Discussion

The current study presented new contributions regarding the automation process for
predicting the mud rheological properties for better monitoring during the drilling
operation. As mentited in the methodology part, the study utilized only two features (mud
density and Marsh funnel viscosity) to develop the four prediction models, and these two
parameters are easy to measure on the rig site in addition to the high frequency of
measuremenfor these parameters during the mud monitoring process (3 to 4 times per
hour). Consequently, the study will provide the rheological properties witkitaghency

data based on the inputs measurement frequency rather than the long time for the
experimentblab measurements for the mud rheology.

In addition, the study implemented the ANN technique to build the different four models
for the mud rheology and deep sensitivity was checked for the best ANN parameters to
acquire the best results for the rheolqggdiction. It worthy mentioned that it might be
better to estimate several variables (rheological properties) with only one ANN model,
however, it is not applicable in this case due to the complexity of the problem, the data
behavior, in addition to, theew trend to use only two inputs for the prediction. The model
development process tested this approach during the model development and found that
the current results are optimum for this specific approach, but might work for another scope
or data set.

The obtained results from the developed models were compared with the most common
models in the literature to check the model accuracy over the existing model for field
applications. The study compared the obtained results wifPit2000)and Almahdawi

e al(Almahdawi et al., 2014Jeveloped correlations for estimating the apparent viscosity.
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Figure 47 presents the log profile for the testing data set that shows the good accuracy and
high match between the actual measurements and the predicted values from the ANN
model, however, the two correlations (Pitt, and Almahdawi e al.) show a high degree of
overestimation for the AV. The statistical accuracy metrics show that R is 0.82 for Pitt, and
Almahdawi e al. correlations with high errors (AAPE is 81.6 and 94.3 for Almahdawi e al.
and Pitt respectively). The newly developed AMN model overcomes thewb
correlations with high accuracy for highvRalue (0.96) and low errors (6.3%) between the

predicted and actual measurement of apparent viscosity.
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Figure 47 AV prediction comparison with published models. log profile (left), acuracy metrics (right)

6.4 Conclusions

The current study presented a new contribution for the rheological properties automation
monitoring system for the Micromax edased drilling fluid through the machine learning
application. The study employed the ANNchaique to develop rheological prediction
models for the mud plastic and apparent viscosities, yield point, and flow behavior index
from only two inputs which are mud density and Marsh funnel.

Deep sensitivity analysis for the model parameters was achane found that the best

parameters are only one hidden layer, from 7 to 10 neurons, training function is Bayesian
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regularization backpropagation, with different optimum network and transfer functions for
the developed models. The training results shatatlR is greater than 0.97 and AAPE

did not exceed 7% for the four models. The developed models were tested and showed a
great prediction performance in terms of R and AAPE, as R ranges from 0.92 to 0.98 and
AAPE from 6.3 to 9.3%. New ANMbased equationsvere developed based on the
optimized ANN models that can be used to estimate the rheological properties with high
accuracy in realime good monitoring for the drilling fluid performance without the need

to have the code.

The limitations for this study ight be concluded for the data range and mud type described

in the methodology section, however, the paper provided a strong approach that can be
implemented for other mud systems and data ranges. The study recommended
implementing machine learning applicms with different techniques for the full
automation process for the mud monitoring operation in the field for better performance

and cost savings for the field drilling operations.
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Chapter 7 Prediction of Rheological Properties oflat

Rheology Mud

7.1 Material s and Methods

The study used collected data for the flat rheology syntheticasiéd mud system. The
data was gathered from the mud reports that cover all the measurements for the mud
rheology. The developed models were built by utilizing the ANN todételop a separate
model for each property based on the model parameters optimization. The model accuracy
was determined by calculating the correlation coefficient (R) and the average absolute

percentage errors (AAPE) between the actual and predictegsvalue

7.1.1Study Approach

The approach layout for the study is shown in Fig@&tnat started from the data collection

for the rheological properties from the mud reports, then, the data preprocessing for
enhancing the data quality by performing the data clgaamd filtering to remove the

illogic values from the wrong measurements and the outliers. The data statistical analysis
is very important especially for determining the data range (minimum to maximum) for
each property as this will affect the model aptiien limitations as the wide data range

will be better for providing a good range for the training database for the developed models.
The data analysis helped to reveal the interrelations between the rheological properties and
the complexity level for coelating these parameters. Building the models started after the
data preprocessing for the highality data by optimizing the ANN model parameters for
better prediction and studying the sensitivity for each model parameter on the prediction
performanceThe model performance was checked to determine if the accepted accuracy
level is achieved or not based on the R and AAPE values. the model retraining process
might be encountered in case of the performance level is not accepted. Finally, the best

model paameters and results were reported.
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Figure 48 The approach layout for the study.

7.1.2Data Description and Statistics

The recorded parameters covered all the six properties for the flat rheology synthetic oll
based mud which are ptasviscosity, apparent viscosity, yield point, flow behavior index,
and consistency factor (model outputs), in addition to, the mud weight and Marsh funnel
viscosity (model input parameters). This study introduces a novel contribution regarding
selectingonly two inputs for the model development which are mud weight and Marsh
funnel viscosity as the other studies in the literature included other inputs like the
temperature, shear rate, and solid coiffegwu et al., 2018; Razi et al., 2013bhd hence,

the new approach Wsave time and eliminate the measurement errors to th\tkethaa

et al., 2020) The study uses only mud density and Marsh funnel as model inputs as these
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parameters have highequency measuremer{tiree tofour times per hour) and are easy

to measure on the rig site without advanced lab testing.

The data set covered 522 data points after the data cleaning and preprocessing to remove
all the illogic values iad outliers. As shown in Table 28e data represted a wide range

for the rheological properties as the mud weight ranged from 70 to 120 pounds per cubic
foot (pcf), marsh funnel from 44 to 120 seconds, plastic viscosity (PV) from 14 to 74 cP
while apparent viscosity (AV) from 22.5 to 89 cP. The muddymint (YP) ranged from

11 to 30 Ib/100 ft2, and the flow behavior indé fas a range from 0.52 to 0.87.

Table28 Data statistical analysis

Statistical rm nf PV YP AV
Parameter [pcf] [sec] | [cP] [Ib/100 ft?] " [cP]
Minimum 70 44 14 11 0.52 22.50
Maximum 120 120 74 30 0.87 89
Mean 98.92 | 67.78 | 37.39 15.83 0.75 45.31
Median 104 67 36 15 0.77 44
Standard Deviation  13.08 | 11.52 | 13.04 3.05 0.06 13.89
Kurtosis -0.70 | 125 |0.35 5.96 0.36 0.72
Skewness -0.70 | 0.75 |0.63 1.89 -0.74 0.77

7.1.3Data Analysis

The correlation coefficients were studied between the model inputs and outputs and
showed a strong direct relationship between the mud weight with both plastic and apparent
plastic viscosity (R is 0.70), R is 0.64 between mud weight woth behavior index, and

R of 0.37 between the mud weight with yield point which is considered the lowest
correlation coefficient. The Marsh funnel reported a strong direct relationship with the
outputs with R is ranging from 0.45 with the flow behaviorextb 0.70 with the apparent

viscosity as shown in Figu#o.
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Figure 49 Correlation coefficients between the model inputs and outputs.
The model inputs and outputs were plotted to study the scatter plots for the data and as

shownin Figure50there is no clear type of relationship and this ensures the complexity of
the problem in this study. The application of machine learning is considered helpful for

this case as it will provide a high learning capability between the relagmnsiithe
parameters.

Figure 50 Scatter plots between the model inputs and outputs. a) PV, b) YP, g)and d) AV
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