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ABSTRACT 

 

Full Name : Ahmed Kamel Mohammed Alsabaa 

Thesis Title : REAL-TIME PREDICTION OF RHEOLOGY OF OIL-BASED MUD] 

Major Field : Petroleum Engineering 

Date of Degree : December, 2021 

The drilling fluids cost share 25-40 % of the total well drilling cost. Therefore, designing 

and monitoring drilling fluids properties are very critical for drilling operations. Bad mud 

design or non-precise monitoring for the drilling fluid will cause drilling problems, and 

therefore, add an extra cost to the drilling expenditures. Consequently, monitoring the 

rheological properties of drilling fluids in real-time 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 rig hydraulics, 

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 consistency index (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 properties 2-3 times per day. As the mud density is 

critical for controlling the formation pressure, it is usually measured 3-4 times per hour. 

Marsh funnel viscosity is a simple measurement and therefore, it has the same high frequent 

measurement as the mud density. Therefore, predicting the less frequent measurements 

(rheological properties) from the high frequent mud measurements (mud density and Marsh 

funnel viscosity) using the artificial intelligence (AI) techniques will help to obtain the 

drilling fluid rheological properties in a real-time. 

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 a real-time. The 

objective of this research work is to develop different AI models to predict the drilling 

fluid`s rheological properties in real-time for five types of oil-based 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 in 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 the formation 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, 2005). Mud has two main broad categories which are being 

water or oil-based according to the base fluid (Bleier, 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 for regulating the density and tuning the rheological 

properties (plastic viscosity, yield point, gel strength, etc.) by special chemicals and 

additives (Power and Zamora, 2003). Very specialized additives might be used to control 

the amount of filtrate invading the formation and pH value which is important for having 

certain functions by mud. Oil-based mud (OBM) is classified into two main classes which 

are all-oil and invert emulsion. The all-oil is using oil as a base fluid with no water at all 

or very little amount, usually less than 5%. With a higher amount of water, an 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 so many 

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 emulsions are considered to protect 

water-bearing formations (Gray and Grioni, 1969; Growcock et al., 1994; 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. 
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The differentiating parameter between the all-oil 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 advantage of the invert emulsion system is the toxicity that is 

low compared with the other oil-based 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 salinity of 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 Dri lling 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 system. Some other lab devices are existing only on the mini-

lab on rig-site 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 concerning pressure management inside the well (Hossain 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 recorded for a volume of 930 cm3 to 

flow through the funnel orifice as described by Marsh (Marsh, 1931). It is an overall 

indication of the viscosity of the drilling fluid and not the exact measurement of the 

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 tested as well and 

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 and time-consuming tests 

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 funnel viscosity 

for decisions related to mud reformulation (Balhoff 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; Taugbøl et al., 2019). A patented device has 

claimed that the rheological properties could be predicted at a short time from an 

automatically read mud weight and Marsh funnel viscosity (Elkatatny, Salaheldin, Rakan 

Fadhel, 2018). This promising technique could be the solution for the complexity of 

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 tests (Broussard 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 labs. The 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 mathematically (Almahdawi et 

al., 2014; Pitt, 2000)[19, 20] did not provide the exactness needed. Apparent viscosity (mA) 

(cP) was related to Marsh funnel viscosity (mF) (seconds) and mud weight (rm) (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) to get apparent viscosity but the constant was 

different as in equation (2). 

 ʈ r ʈ ςυ (1) 

 ʈ r ʈ ςψ (2) 

Improving the drilling performance requires effective cleaning of the hole and optimization 

of the bit hydraulics (Ogunrinde and Dosunmu, 2012). Drilling hydraulic optimization 

accounts for pressure losses that rely mainly on the drilling fluid's rheological properties 

(Guo and Liu, 2011) that 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 apparent weight of the mud under complex conditions, to compensate 

for many drilling problems such as loss of circulation and instances of well control. 
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1.2 Petroleum Engineering Utilization of Artificial Intelligence 

Within the oil and gas exploration, reservoir development, drilling, and production 

activities, tremendous amounts of information are existing with no precise scientific 

relations. Artificial Intelligence (AI) technology helped manage a process in which the 

machine starts to learn about the data patterns and how 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 AI applications in the petroleum industry (Lim and 

Kim, 2004). Another research was conducted to predict the porosity of the reservoir from 

logging data using different AI methods such as artificial neural networks, adaptive 

network-based fuzzy inference system (ANFIS), and SVM with good results (Elkatatny et 

al., 2018b).  

AI is an approach that seemed to solve analytical models' vulnerabilities. In general, a lot 

of AI applications have been developed in the petroleum industry (Agwu et al., 2018; Nagy 

and Hajrizi, 2018). The main AI techniques can be summarized commonly as artificial 

neural networks (ANN), support vector machines (SVM), fuzzy inference systems, neuro-

fuzzy, and ensemble models (Barbosa et al., 2019). Reservoir properties like permeability 

were investigated using advanced hybrid techniques combining optimization of the 

architecture of the algorithm that is 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 Moussa et al. (Moussa et 

al., 2018) for predicting permeability and Mahmoud et al.,(Mahmoud et al., 2016) for 

predicting the Young modulus. 

 Other researches to predict logging data from other logging data like the prediction of the 

sonic travel time by. Elkatatny et al, (Elkatatny et al., 2018b) used different tools which 

were artificial neural networks, adaptive network-based fuzzy inference system (ANFIS), 

and SVM. Not only reservoir engineering that benefitted from AI but also, drilling 

engineering that had used AI in very sensitive and important issues like determining the 

optimum drilling parameters (Agwu et al., 2018). For the sake of improved ROP, a study 

has been conducted using thousands of data (Barbosa et al., 2019) and another study has 

considered the effect of mud properties on drilling speed (Moussa et al., 2018). This is 

reflecting the trust in the AI models generated and the need for such applications on the 
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drilling industry. Reservoir rock geomechanics was the research target of many studies 

utilizing AI. The unconfined compressive strength was successfully estimated using an AI 

model in a study(Mahmoud et al., 2016) which used several AI techniques while a study 

was specifically conducted over carbonate rocks only with only one AI technique that was 

artificial neural networks (Tariq et al., 2017) and another one investigated the parameters 

of the rock failure(Tariq et al., 2017) with 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 estimated using artificial neural networks which were found to be 

more efficient than ANFIS and SVM applied in the same research (Elkatatny et al., 2018c).  

Those advances in the usage of AI 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 for 

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 an AI-based prediction model, as one 

category without considering different types of water-based muds by Razi et al.( 2013) 

using neural networks but, this study was depending on the shear rate as the main input 

which needs the normal viscometer to be measured. 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 water-based mud which seems to be still not 

reliable for monitoring mud during a drilling operation. Elkatatny et al., (Elkatatny et al., 

2016) used Marsh funnel viscosity, mud weight, and solid content measured on the field 

during the drilling operation as inputs of artificial neural networks based models to estimate 

rheological properties. Another study (Elkatatny et al., 2018a) followed the same technique 

but considered only the water-based mud was a good point for improving the accuracy of 

the predictive models.  

The consideration of the different categories and subcategories of drilling mud was done 

by several studies like Elkatatny, (2017) who successfully have developed AI models to 

predict rheological properties depending on the Marsh funnel viscosity, mud weight and 
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solid content using artificial neural networks for a particular subcategory of water-based 

mud which was KCl polymer mud. Oil-based mud rheological properties were also, studied 

by Al-Azani et al., (Al -Azani et al., 2018) who applied artificial neural networks to develop 

different models for rheology prediction models with Marsh funnel viscosity, mud weight, 

and solid content as inputs. Mud properties can be fed to other AI 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 inference system (ANFIS) as per Elzenary et al., (Elzenary et al., 2018). The 

viscosity of drilling fluid prediction using AI-based models was investigated by Hoang 

(Hoang, 2016) in a different way using continuous density and differential pressure which 

were measured by several sensors on a special venturi-rig. This was a good application of 

AI especially, that Hoang (Hoang, 2016) has used several AI tools like artificial neural 

networks, fuzzy logic, and SVR. However, he did not 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 AI to predict different 

rheology parameters. The technique of grouping data according to mud categories and even 

sub-categories is very successful in developing AI models. Water-based mud rheology was 

investigated as per the subtypes like CaCl2 mud (Gowida et al., 2019) which is another 

type of water-based mud but, was studied separately to have the best accuracy for the AI 

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 25-40 percent of the overall cost of drilling wells (Chilingarian et al., 1986). For 

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 adding additional costs to drilling expenses (Jenkins 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., 2015). Recording and tracking the drilling fluid 

properties on high frequency assures a productive technological and economic program for 

the drilling operation. 
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Some of these applications involve optimizing(Bello et al., 2016) drilling, optimizing 

hydraulics(Wang and Salehi, 2015), and predicting rheological characteristics of invert 

emulsion mud(Elkatatny, 2016), water-based KCl mud(Elkatatny, 2017), drilling liquid 

CaCl2(Gowida et al., 2019) and water-based NaCl drill-in fluid(Elkatatny, 2019). 

 

1.3 OIL -Based Mud Types 

1.3.1 All -oil 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 drilling performance. All-oil mud is a low shear drilling fluid 

with a low level of dispersed solids that has unique and favorable rheological properties. 

The all-oil mud is a type of oil-based drilling fluids (OBM) and it is mainly composed of 

oil as a continuous phase with no water (Amani 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 between the two types. The all-oil mud is a mud system composed of oil with a 

low level of dispersed additives. The field application of the all-oil system showed 

successful case studies with better mud rheology and better hole cleaning than the invert 

emulsion mud system. All-oil muds are used to drill difficult wells, such as long sections 

of high angle and high-pressure high-temperature (HPHT) wells. The application of the 

all-oil system provides a higher penetration rate, excellent lubrication properties, thermal 

stability, improves hole cleaning, and reduces the bit wear significantly (Fraser, 1992). The 

all-oil mud is characterized by flat rheology and high YP/PV ratios, which can be achieved 

at less than 0.2 ppg above the base oil density and this is a big advantage in drilling depleted 

zones, which need very precise pressure control. 

1.3.2 Invert Emulsion 

The term ñinvert emulsionò is often used to represent (water in oil) in the oil-based mud 

system having water in its composition as an added component to provide a desired 

property [5](Almahdawi et al., 2014). The application of the invert emulsion mud is to 

solve the drilling problems as unstable shale, prevent damage to water-bearing formations 
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and, for the completion programs as it protects the casing and tubing from corrosion 

(Amani et al., 2012; Anifowose and Abdulraheem, 2011; API Recommended Practice 13B-

2). 

There are two classifications for the oil-based mud systems, which are the invert emulsion 

and the all-oil mud types. The all-oil mud is generally designed to be free of water but in 

some cases, there is a small 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 mud (Barbosa et al., 2019). The invert emulsion mud system has a low 

toxicity effect, while the brine addition is used to control the system salinity and keep the 

molecules of the water within the system structure not to invade the formation (Bleier, 

1990b). The field application of the invert emulsion mud is mainly to drill the high-pressure 

high-temperature (HPHT) wells. That is because of its thermal stability performance that 

is better than the water-based mud (WBM). The invert mud system can be used in the 

drilling operations under temperatures up to 400°F (G.W. Brandt et al., 1960). 

1.3.3 High overbalance bridging mud 

High overbalance bridging mud is considered as a type of oil-based 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 advance bridging agents to minimize the risk associated with 

drilling horizontal sections. Max-Bridge 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 

materials 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. 
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1.3.4 Flat rheology mud 

It is an invert emulsion system designed to provide 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 sections. The key rheological properties to evaluate the reliant 

system performance are yield point (YP), the 6-RPM reading, and the 10-min gel strength 

over the range of temperature. This flat rheology profile is considered as a major 

improvement over conventional invert system, which are known to have higher viscosities 

at low temperatures and lower rheology at high bottom-hole temperatures. The advantage 

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

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

1.3.5 High 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 pressure(Gamal et al., 

2021). Micromax can be utilized individually or in a mixture with other weighting agents 

as barite, ilmenite, and hematite (Al -Muhailan et al., 2014; Basfar et al., 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 cost5. The 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 variation in its density (Omland et al., 2007; Saasen et al., 

2002). Micromax provided a solution for this issue when it tested as a weighting material 

(Basfar et al., 2020). In addition, the Micromax fine particles have a size of 1 micrometer 

and 4.8 specific gravity that enabled the Micromax to provide a better tendency for the sag 

problem (Ma et al., 2019), in addition, it was found not to cause the high level of formation 

damage as barite (Al -Muhailan et al., 2014). 
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1.4 STATEMENT OF THE PROBLEM  

 

The importance of this study is the 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 the goal 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 funnel 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 track only 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 rheology to detect problems like sloughing shales. The need for real-time 

measurements for the rheological parameters is important for having full control over the 

well and avoid complicated situations due to late detection.  

 

To have real-time measurements, it is difficult 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 which refers 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 mini-lab on the drilling site. The online 

measurement is done 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 correlations for 
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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 and in some 

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 water-based mud and oil-

based mud but also, going to sub-classes and subcategories according to additives and 

special components tailored for solving special problems. 

 

This work is intending to focus on five types of oil-based mud for the first time and to only 

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 biological neural networks, 

which are giving it the name (Angelini 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 number for the ANN 

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 training (R. Lippmann, 1987). The neurons are connected with each other and 

those connections are associated with weights and biases (Hinton et al., 2006). The 

backpropagation feedforward neural network was found to be an effective tool in 

preference to a multilayer perceptron (MLP). An optimization for the number of neurons 

is required because of increasing the neurons number might cause over-fitting and 

adversely affect the prediction performance. However, reducing the number of neurons 

may result in under-fitting (Rao and Ramamurti, 1993). 

2.2 Adaptive Neuro-Fuzzy Inference System (ANFIS)  

ANFIS is an adaptive neuro-fuzzy inference system (ANFIS) which is a type of artificial 

neural network (ANN) that is depending on TakagiïSugeno fuzzy inference system. 

ANFIS technique has been developed in the early 1990s. Its inference system is using a set 

of fuzzy IF-THEN rules that have the learning capability to optimize functions. ANFIS 

provides the best advantages that exist in both fuzzy logic and neural network techniques 

in one tool (Jang, 1993; Tahmasebi et al., 2012). The ANFIS uses the backpropagation 

(BP) algorithm and the least square to get the best membership function that uses for 

training the inputs and outputs data sets (Anifowose 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 purposes (Burbidge et al., 2001). A support vector 

machine based on soft margin hyper-plane has been introduced as a new artificial 

intelligence tool framework for both classification and function approximation (Jeng et al., 

2003). Instead of sigmoidal type transfer functions like in artificial 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, running 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 vectors (Khoukhi and Al-Maqbali, 

2011). 

 

2.4 RESEARCH OBJECTIVES 

 

The objectives of this research proposal are: 

I. Collecting data from real field measurements. 

II.  Preprocessing and data analysis for the collected data. 

III.  Building the AI models for the five types of OBM: 

1. All -oil Mud 

2. Invert Emulsion 

3. High-overbalance  

4. Flat-rheology 

5. High-density 
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2.5 DESCRIPTION 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 I is data collection and 

preprocessing in which data will be arranged and purified using standardized techniques. 

Phase II is building the AI models which will include building the required codes for 

running different AI 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 needs data from the field 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 the inputs that will be used 

with the AI optimization tools to predict the rheological properties. MWT and MFV are 

being recorded 3-4 times per hour but the project will use only the data that is anchored 

with the rheological properties. Rheological properties are being 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 (total of 5 

types) of oil-based muds (OBMôs). The types of muds to be investigated should be all mud 

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. Flat-rheology 

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 building accurate general 

models. Different AI techniques will be built and optimized to elect the most accurate 

models. The proposed AI techniques for use in this project are: 

1. Artificial Neural Network Technique (ANN) 

2. Adaptive Neuro-Fuzzy Inference System (ANFIS) 

3. Support Vector Machine 

 

The developed AI 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 the different AI techniques should be compared to each other 

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

 

2.7 PHASES AND TASKS 

2.7.1 Phase I 

The first phase of the proposed research will be about data which is the raw material that 

will be used to produce the models. 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 wrong values. 

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. 

 



16 

 

2.7.2 Phase II 

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 AI techniques to 

produce the best models for different rheological parameters. The following 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- AI optimization codes should be prepared for different AI 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 AI  tool. 

6- Good recording of results with each change in AI technique parameters. 

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 data was 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 index [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 tabulated in Table 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 

Pa.s). The R300 range was between 24 to 74 degree, where the R600 from 32 to 120 degree. 

The YP ranging from 14 to 28 lb/100 ft2 (6.7 to 13.4 Pa) and n from 0.41 to 0.8. 

 

Table 1: The mud rheology statistical analysis 

  MWT 

[pcf]  

MFV 

[sec] 

PV  

[cP] 

YP 

[lb/100 

ft2]  

n R300 

[deg] 

R600 

[deg] 

AV 

[cP] 

Minimum  56 40 8 14 0.41 24 32 16 

Maximum 101 85 47 28 0.8 74 120 60 

Mean 80.16 63.14 26.24 21.14 0.62 47.38 73.63 36.81 

Standard 

Deviation 

11.85 10.54 9.6 3.6 0.08 11.35 20.72 10.36 

Kurtos is -0.55 -0.39 -0.89 -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 in 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 parameters was 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. 

 

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 layers, network 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 training functions which were used in the 

trials were LevenbergïMarquardt backpropagation [trainlm], Resilence backpropagation 

[trainrp] and conjugate gradient backpropagation. Different runs for the transfer functions 

as the tan-sigmoid [tansig], log-sigmoid [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 property from 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 model. 

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 compared and the results 

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 models. 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 optimized parameters for the ANN models. 

Rheology 

Parameter 

No. of neurons in 

the hidden layer 

Training 

Function 

Transfer 

Function 

PV 42 trainlm tansig 

YP 34 trainlm tansig 

n 34 trainlm tansig 

R300 34 trainlm tansig 

R600 34 trainlm tansig 

AV 42 trainlm 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 measurements for plastic 

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 data with the 
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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 modelôs R was 0.96 and AAPE was 4.93%. 

The obtained models for the rheological parameters [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 the AAPE was less than 8%. The PV model results, R 

was 0.95 and AAPE was 7.97%, and for YP-ANN model, R showed 0.90 and 6.03% 

AAPE. R was 0.91 and 4.81% AAPE for n-ANN model. For R300 model, the results 

showed that R was 0.92 and AAPE was 6.74%. AV-ANN and R600 models 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 training and 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 

3.3.1 Plastic Viscosity Prediction Model and Developed Correlation 

Figure 2 shows a comparison between the actual data and the ANN-PV model output. The 

model results showed that R was 0.95 and AAPE was 7.37%. Equation  3 was extracted 

from the ANN model to represent the calculated formula for the normalized value for 

plastic viscosity [PVn]. In Equation 3 the normalized inputs are required, therefore, 

Equation  4 is used to calculate the normalized mud weight values [-74], and  Equation  

5 is used to get the normalized Marsh funnel viscosity [-&6]. 
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Figure 2: Predicted PV vs actual field measurement. 

 

06 ×
ρ

ρ ÅØÐς×
ȟ
-74 ×

ȟ
-&6 Â

Â  

(3) 

 -74 πȢπττ-74 υφ ρ (4) 

 -&6 πȢπττ-&6τπ ρ (5) 

The parameters used in Equation 3 are; -74 which is measured mud weight [lb/ft3], and 

-&6 which is measured Marsh funnel viscosity [sec]. N is a constant equal to the number 

of neurons in the hidden layer that is 42 neurons. According to the neuron index [i ], 

weights and biases [× ], [× ] and [Â ] were extracted from the ANN network as in Table 

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

final output PV is calculated from the normalized value [06] as per Equation 6. 

R = 0.95 

AAPE = 

7.37 
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 06
06 ρ

πȢπυρσ
ψ (6) 

Table 4. Weights and biases for PV model [Equation 3]. 

i  
,11i

w
 ,21i

w
 

1i
b

 2i
w

 
i  

,11i
w

 ,21i
w

 
1i

b
 2i

w
 

1 -29.12 22.9 26.46 12.91 22 -3.89 4.37 -0.1 -1.61 

2 53.1 41.79 -56.96 -0.58 23 -8.48 2.51 -3.67 8.84 

3 -23.55 0.02 13.84 -2.19 24 7.36 17.9 4.61 -13.09 

4 1.02 -6.58 -4.85 -1.13 25 0.06 -14.58 1.04 0.23 

5 23.25 41.29 -28.82 0.77 26 62.02 3.37 8.11 -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 1.92 31 46.48 4.63 25.38 7.78 

11 -10.46 1.3 5.91 4.41 32 0.64 5.03 -4.71 12.03 

12 19.16 4.69 -4.73 -5.81 33 6.71 -14.91 9.94 -3.14 

13 6.78 11.08 -5.53 -12.92 34 5.87 9.05 6.46 -13.9 

14 -51.62 -79 0.74 -16.87 35 -7.33 1.84 -3.17 -7.09 

15 15.3 -4.91 -3.54 -0.52 36 44.96 4.83 24.6 -7.99 

16 3.01 5.79 -2.66 -16.97 37 5.42 7.44 5.74 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 25.49 -7.84 11.23 2.47 

19 -4.91 -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 

3.3.2 Yield Point Prediction Model and developed Correlation 

The YP model results showed that R was 0.91 and AAPE was 5.06% as in Figure 3 for the 

comparison between actual data and YP model results by Equation  7. Parameters used in 

Equation  7 are; -74 which is measured mud weight [lb/ft3], -&6 which is measured 
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Marsh funnel viscosity [sec]. N is a constant equal to the number of neurons in the hidden 

layer which is 34 neurons. 

 

90 ×
ρ

ρ ÅØÐς×
ȟ
-74 ×

ȟ
-&6 Â

Â  

(7) 

According to the neuron index [i ], weights and biases [× ], [× ] and [Â ] were extracted 

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

Equation. The final output YP is calculated from the normalized value [90] as per 

Equation 8. 

 

 
90

90 ρ

πȢρτςω
ρτ 

(8) 

 

 

Figure 3 YP predicted vs actual Field measurement data. 

Table 5: Weights and biases for YP model [Equation 7]. 

R = 0.91 

AAPE = 

5.06% 
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i  
,11i

w
 ,21i

w
 

1i
b

 2i
w

 
i  

,11i
w

 ,21i
w

 
1i

b
 2i

w
 

1 -63.84 -7.26 60.13 3.14 22 8.65 -4.97 1.3 -13.1 

2 4.62 7.84 -8.16 -6.32 23 -1.96 -12 -0.83 -1.2 

3 25.33 22.64 -19.64 -0.29 24 -31.79 -5.75 10.23 1.78 

4 -22.37 -37.69 37.42 -3.18 25 6.23 -72.08 10.35 13.3 

5 5.41 3.15 -5.48 8.12 26 239.94 92.81 72.21 0.38 

6 -56 -121.95 88.51 -0.3 27 -132.9 -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 -24.02 29 115.88 34.72 52.58 -0.27 

9 1.93 -7.91 -3.86 -2.9 30 -10.28 -17.92 -6.21 -4.56 

10 -15.06 -7.11 11.58 25.96 31 1.38 10.91 6.63 -4.15 

11 -10.79 2.69 5.28 -37.87 32 104.64 34.65 41.68 0.76 

12 22.37 -3.16 -8.05 5.1 33 -7.31 -10.62 -3.05 67.02 

13 -25.03 8.97 7.31 3.53 34 -42.54 51.43 -38.61 -0.26 

14 6.42 -77.2 11.04 -13.44 35 3.89 -14.94 11.5 -31.74 

15 -97.97 212.9 59.91 0.2 36 -30.89 17.25 -22.51 3.5 

16 72.21 92.31 -19.78 -0.33 37 -11.85 -19.87 -16.13 -1.51 

17 20.09 2.21 -5.26 4.95 38 -22.53 -9.53 -17.67 0.87 

18 -48.01 -6.84 12.05 2.92 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 32.4 -8.72 21.87 2.66 

 

3.3.3 Behavior Index Prediction Model and Developed Correlation 

The same procedures for building the model were followed. Figure 4 shows the n model 

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

-74 which is measured mud weight [lb/ft3], -&6 which 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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Figure 4: n predicted vs actual Field measurement data. 
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(9) 

According to the neuron index [i], weights and biases [× ], [× ] and [Â ] were extracted 

from the ANN network as in Table 6 where the bias for output layer [b2 = 0.358] for this 

Equation. The final output n is calculated from the normalized value [Î] as per Equation 

10. 
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Table 6: Weights and biases for n model [Equation 9]. 

R = 0.93 

AAPE = 

3.63% 
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i  
,11i

w
 ,21i

w
 

1i
b

 2i
w

 
i  

,11i
w

 ,21i
w

 
1i

b
 2i

w
 

1 -31.81 92.54 63.04 -16.97 18 -

123.87 

6.46 -2.68 -0.46 

2 51.37 -7.84 -47.9 -3.33 19 -4.56 0.11 0.73 36.37 

3 9.67 -17.05 -5.41 0.21 20 -4.78 2.41 -0.55 -0.83 

4 -101.93 -118.36 93.67 -0.07 21 1.28 4.2 1.47 1.19 

5 20.09 -9.12 -17.86 3.77 22 410.68 -43.03 169.77 -0.4 

6 -36.36 105.15 71.53 16.9 23 -6.08 15.32 -7.65 -16.24 

7 -49.38 73 44.46 -30.86 24 -

215.36 

49.48 -94.32 -0.74 

8 -31.73 47.49 28.02 35.96 25 27.98 44.92 30.45 0.27 

9 308.67 63.93 -97.5 -0.17 26 5.86 -14.54 7.27 -16.44 

10 -59.4 87.8 49.01 -4.91 27 -38.34 12.61 -23.08 -0.57 

11 -3.38 18.87 4.84 -0.35 28 -2.08 35.64 -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 16.45 -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 -43.52 -0.28 34 -23.06 6.73 -16.1 0.91 

  

3.3.4 R300 Reading Prediction Model and developed Correlation 

The R300 model results showed that R was 0.94 and AAPE was 5.65% as in Figure 5. The 

model used to develop the empirical correlation as Equation 11. Parameters used in 

Equation 11 are; -74 which is measured mud weight [lb/ft3], -&6 which 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 [× ], [× ], and [Â ] were extracted from the ANN network as in 

Table 7 where the bias for output layer [b2 = -18.74] for Equation  11. The final output 

2  is calculated from the normalized value [2 ] as per the following Equation : 
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Figure 5: R300 predicted vs actual field measurement data. 

Table 7 Weights and biases R300 model. 

i  
,11i

w
 ,21i

w
 

1i
b
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w
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w

 ,21i
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b
 2i

w
 

R = 0.94 

AAPE = 

5.65% 
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1 -2.4 1.56 3.23 -78.36 18 -1.8 0.04 -0.36 -4.09 

2 42.14 -2.99 -42.52 -81.65 19 -123.4 24.6 14.57 -0.59 

3 4.41 -3.4 -4.04 -35.82 20 -128.8 64.84 -46.95 0.46 

4 -1.92 -4.76 4.15 -0.96 21 28.89 0.87 3.74 -0.47 

5 29.67 -23.02 -22.92 15.99 22 3.56 -3.2 -0.06 -1.58 

6 -37.74 103.72 62.15 0.33 23 -6.01 20.85 -6.77 -0.28 

7 -8.28 7.81 7.3 -51.4 24 -21.87 4.31 -11.27 24.65 

8 -10.09 9.99 8.96 33.59 25 19.76 -3.81 10.19 27.75 

9 33.97 8.11 -12.77 6.39 26 0.72 -71.83 43.26 -1.17 

10 -29.27 23.69 22.61 17.56 27 -7.22 1.67 -5.28 52.73 

11 -24.68 47.08 22.36 -0.45 28 -0.72 13.6 -8.49 -2.23 

12 20.32 -18.57 -6.76 -0.35 29 154.65 11.5 88.3 -0.3 

13 -28.75 5.87 5.88 -0.6 30 -4.17 -4.26 -3.97 0.62 

14 -32.16 -8 12.14 6.48 31 68.15 -82.03 52.02 0.06 

15 -10.89 2.06 1.86 1.77 32 9.08 -2 6.63 49.27 

16 113.65 -65.19 32.49 -0.24 33 -33.89 -3.17 -36.26 3.16 

17 2.34 -4.34 -0.45 0.79 34 -45.72 -7.03 -33.23 1.34 

3.3.5 R600 Reading Prediction Model and developed Correlation 

The R600 model results showed that R was 0.95 and AAPE was 6.64% as in Figure 6. The 

model was used to develop the empirical correlation as Equation  13. The parameters used 

in Equation  13 are; -74 which is measured mud weight [lb/ft3], -&6 which is measured 

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

neurons. 
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Figure 6: R600 predicted vs actual Field measurement data 

 

2 ×
ρ

ρ ÅØÐς×
ȟ
-74 ×

ȟ
-&6 Â

Â  

(13) 

 

The weights and biases [× ], [× ], and [Â ] for Equation 14 are shown in Table 8 where 

the bias for output layer [b2 = 2.56]. The final output 2  is calculated from the 

normalized value [2 ] as per Equation [14]. 
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Table 8 Weights and biases for R600 model 

R = 0.95 

AAPE = 6.64% 
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i  
,11i

w
 ,21i

w
 

1i
b

 2i
w

 
i  

,11i
w

 ,21i
w

 
1i

b
 2i

w
 

1 0.49 9.62 -9.42 8.15 18 -2.8 12.82 1.54 0.68 

2 -0.59 -7.89 8.29 21.2 19 3.02 88.07 13.9 -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 -2.55 14.55 -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 -0.45 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 71.57 35.18 0.41 28 -87.41 -0.86 -17.56 -0.71 

12 -4.52 7.64 3.35 -16.11 29 12.79 3.95 5.36 0.41 

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 -2.1 0.42 32 -1.65 -4.06 -5.43 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 14.73 -21.71 

3.3.6 Apparent Viscosity [AV] Prediction Model and Developed 

Correlation  

The AV model results showed that R was 0.96 and AAPE was 5.39% as in Figure 7. The 

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

in Equation  15 are; -74 which is measured mud weight [lb/ft3], and -&6 which is 

measured 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 [× ], [× ] and [Â ] are shown in Table 9 where the bias 

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

[!6] as per the following Equation: 
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Figure 7: AV predicted vs actual Field measurement data 

 

Table 9 Weights and biases for AV model 

R = 0.96 

AAPE = 

5.39% 
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i  
,11i

w
 ,21i

w
 

1i
b

 2i
w

 
i  

,11i
w

 ,21i
w

 
1i

b
 2i

w
 

1 -38.00 -5.95 33.93 2.90 22 194.06 -100.2 16.85 0.26 

2 13.67 9.84 -13.21 -2.26 23 -40.12 -52.76 -9.71 0.48 

3 55.70 79.16 -70.51 0.27 24 -22.42 -3.55 -2.72 14.57 

4 -23.82 -6.42 23.22 -3.91 25 62.82 -151.6 9.99 0.11 

5 22.96 9.10 -16.95 16.91 26 23.89 3.96 2.92 13.45 

6 -46.95 -58.12 50.64 7.64 27 -5.67 0.44 -2.38 10.55 

7 -8.85 7.60 5.29 12.53 28 -2.79 -2.77 -0.96 -8.61 

8 -42.42 -52.11 45.35 -7.30 29 42.90 4.62 17.89 0.53 

9 29.94 -67.35 -24.53 0.21 30 -3.64 -21.84 -2.15 -0.48 

10 -24.57 -9.40 18.01 14.71 31 1.26 2.93 1.90 32.00 

11 -13.22 10.56 7.10 -4.53 32 1.23 2.02 1.53 -75.22 

12 53.42 1.20 -17.01 -14.94 33 -31.64 -44.28 -24.09 -0.57 

13 -76.44 0.47 39.05 0.77 34 -25.43 50.08 -39.84 0.75 

14 -2.72 -2.87 0.97 -2.36 35 23.67 -6.22 10.39 2.25 

15 -8.35 7.53 5.33 -8.89 36 -20.47 7.79 -14.24 10.41 

16 55.71 1.49 -17.78 15.05 37 -1.98 -1.58 -2.00 -44.63 

17 20.45 5.26 -7.40 -0.64 38 -10.07 -0.77 -7.87 11.28 

18 -42.48 -6.03 7.47 0.35 39 -30.73 29.64 -17.55 -0.27 

19 -80.07 51.73 14.52 0.29 40 6.55 12.86 17.38 -2.81 

20 -61.47 46.71 10.94 -0.31 41 18.06 20.15 29.59 9.46 

21 16.72 -5.56 4.62 1.63 42 9.60 -4.12 7.40 26.57 

 

3.4 Comparing AAN-Model for AV with Published Models  

 ANN-model for AV is believed to have 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% [Figure 7]. Furthermore, the calculated AV from 

the predicted 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 parameters have been outperformed by the predicted and calculated AV from this 

work. Pittôs model [Equation 1] was used to calculate AV for the same 369 points and 

results were plotted against the actual measurements for AV in Figure 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 Almahdawiôs model [Equation  2] were plotted also, against actual AV values in 

Figure 9 with AAPE of 46.08% and R is 0.75. Table 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 comparing them to the AV calculated by Pittôs model 

and Almahdawiôs model. The developed model is showing higher accuracy and the best 

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 ς (17) 

 

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

Pitt  

AV AlMahdawi  AV Calculated AV 

predicted 

AAPE %  49.94 46.08 6.64 5.39 

R 0.76 0.75 0.95 0.96 
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Figure 8 AV Pitt vs Actual AV  

 

Figure 9 AV Almahdawi vs Actual AV 

 

3.5 Conclusions 

The study utilized the [ANN] technique to build models for predicting the rheological 

properties of all-oil mud type. The models predicted six parameters as PV, YP, R600, R300, 

n, and AV from only the mud weight and Marsh funnel viscosity as inputs.  

The study findings can be summarized as follow: 

¶ ANN models were built and tested to predict the all-oil mud rheological properties. 

¶ The results showed a good accuracy in terms of R and AAPE for training and 

testsing as R was higher than 0.9 and AAPE was less than 8%.  

¶ The models were optimized by trainlm as training function, and tansig as transfer 

function. 

R = 0.69 

AAPE = 

64.24% 

 

R = 0.69 

AAPE = 

60.29% 
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¶ The study provided new empirical correlations to be used for determining the 

rheological preperties. 

¶ 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 correlations from this study will help the mud team on the rig site to 

determine the drilling fluid rheology in a real-time. 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 drilling problems 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 optimization method to reach the target at the end. The preprocessing included first the 

removal of all zeros, N/Aôs and missed data in addition to the illogic values depending on 

experience and engineering since before using a code to automatically remove all rows of 

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

quality of the training process. 

 

Figure 10: Flow chart for developing the ANFIS models. 

4.1 Data Statistics 

Real field mud samples were used in this study after preprocessing from the outliers, 

invalid wrong readings, and repetitions to be 741 points that were used to build the AI 

model. The model was trained and validated using the adaptive neuro-fuzzy inference 

system (ANFIS). Data descriptive statistics in Table 11 show the statistical analysis for the 

input and output parameters. 

Table 11: Data Descriptive Statistics 
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  MWT 

(PCF) 

MFV 

(sec) 

PV 

(cP) 

YP 

(lb/100ft2) 

The 

behavior 

index, n 

R300 R600 AV 

(cP) 

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 

Deviation 

6.80 11.05 6.31 3.28 0.05 8.31 14.36 7.18 

Kurtosis -0.86 -0.55 -0.24 1.14 0.42 0.14 -0.10 -0.10 

Skewness 0.22 0.08 -0.07 -0.71 -0.33 -0.41 -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 and the maximum PV is 47 cP. The yield point for the mud data had a range 

of 10 to 31 lb/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 operations 

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, YP, n, R300, 

and R600) from the other side show a strong direct relationship with most of the outputs 

as it appears from Figure 11. It is clear that the correlation coefficient is higher than 0.46 

between the MWT and all the outputs except with 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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Figure 11. 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 clustering technique 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 value that 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 was realized 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 Matlab on 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 properties 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 starting 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 points) by testing 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 exceed 3.34% for training data 

set (591 data points). The accuracy of the plastic viscosity ANFIS model results of the 

training data set were shown in Figure 12 as the results showed a very high correlation 

coefficient that was 0.98 and this was the highest R among all the other developed models 

in this paper. R was 0.96 for the yield point as represented in Figure 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 shown in Figure 14, and R was 0.96 for R300 and the AAPE was 

3.34% as in Figure 15. For the R600, the correlation coefficient was 0.97 and 2.81% AAPE 

as showed in Figure 16. Figure 17 represents the accuracy for the apparent viscosity model 

training, as R was 0.97 and the AAPE was 2.81%. 

 

Figure 12 PV predicted vs actual (training) 

 

Figure 13 YP predicted vs actual (training) 

AAPE= 2.75% 

R = 0.98 

 

 

dd 

AAPE= 2.78% 

R = 0.96 

 

 

dd 
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Figure 14 n predicted vs actual (training) 

 

Figure 15 R300 predicted vs actual (training) 

 

Figure 16 R600  predicted vs actual (training) 

 

Figure 17 AV predicted vs actual (training) 

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 correlation coefficient 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 Figure 18. Yield point model results 

were compared to the actual values and R showed 0.91 and 3.38% AAPE as in Figure 19. 

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 in Figure 21 

and compared to actual data, 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 Figure 22 for R600, and Figure 23 for AV results. 

AAPE= 1.60% 

R = 0.96 

AAPE= 3.34% 

R = 0.96 

 

dd 

AAPE= 2.81% 

R = 0.97 

 

 

dd 

AAPE= 2.81% 

R = 0.97 

 

 

dd 



41 

 

 

 

Figure 18 PV predicted vs actual (testing) 

 

Figure 19 predicted vs actual (testing) 

 

 

Figure 20 n predicted vs actual (testing) 

 

Figure 21 R300 predicted vs actual (testing) 

  

AAPE= 3.47% 

R = 0.93 

 

 

dd 

AAPE= 5.66% 

R = 0.91 

 

 

dd 

AAPE= 3.38% 

R = 0.91 

 

 

 

dd 

AAPE= 1.69% 

R = 0.94 

 

 

dd 

AAPE= 2.59% 

R = 0.97 

 

 

dd 

AAPE= 2.59% 

R = 0.97 

 

 

dd 
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Figure 22 R600 predicted vs actual (testing) Figure 23 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 difficulty of performing 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 was resolved 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 need 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 measurements 

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 deviation when 

compared to viscometer readings. Away from that, Pitt proposed a relationship between 

Marsh funnel viscosity and apparent viscosity which was later modified by Almahdawi 

which is not confirmed to be suitable for all mud types and not validated with acceptable 

accuracy. Elkatatny had 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 Marsh funnel automatically 

is opening the door to investigate more the relation between MFV, MWT and other 

rheological parameters. Artificial neural networks was used to develop empirical models 

that can predict the PV, YP, n and fluid consistency with high accuracy but, he 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 work 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 weight and Marsh 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 ANFIS-based models in this paper. The accuracy of the models 

against the validating data in the 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 continuous 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 Table 12. As shown in the 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 and 44 cP for the testing data set.  

 

Table 12  A comparison between the variable ranges for training and testing 

Data Set 
PV 

(cP) 

YP 

(lb/100 ft2) 
n R300 R600 

AV 

(cP) 

Training Data 
Minimum 13 10 0.47 25 40 20 

Maximum 47 31 0.80 72 119 59.50 

Testing Data 
Minimum 18 16 0.54 34 53 26.50 

Maximum 44 31 0.74 67 110 55 

 

4.4.1 Predicted R300 and R600 for calculating PV and AV for 

comparison with previous studies 

In order to authenticate the quality of the work, two steps were applied to show up the 

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 second step was, comparing 
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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 equation 1 and 

equation 3. Figure 24 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 AAPE showed 

2.81% as in Figure 25.   

 

Figure 24 Actual PV versus calculated PV 

from predicted R300 and R600 (training) 

 

1. Figure 25 Actual AV versus calculated AV 

from predicted R 600 (training)  

For the testing 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 

Figure 26 for PV and Figure 27 for AV.  

 

AAPE= 5.44% 

R = 0.95 

 

 

dd 

AAPE= 2.81% 

R = 0.97 

 

 

dd 
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Figure 26 Actual PV versus calculated PV 

from predicted R300 and R600 (testing) 

 

2. Figure 27 Actual AV versus calculated AV 

from predicted R 600 (testing) 

In Figure 28, the predicted AV using the MWT and MFV was compared to actual AV with 

R equals to 0.97 and AAPE of only 2.77%. In Figure 29, 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 developed by this 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. Figure 30 shows the resulted values of 

AV from Pitt correlation as R is 0.69 and the AAPE is 64.24%. Figure 31 shows the resulted 

values of AV from Almahdawi correlation with AAPE of 60.29% and R is 0.69. Table 13 

summarizes all of these results. The results proved that the ANFIS models developed by 

this paper outperformed Pitt and Almahdawi correlations. 

Table 13 Accuracy comparison between ANFIS model and other literature correlations 
 

AV (Pitt)  AV 

(Almahdawi) 

AV Calculated 

from predicted 

R600 

AV predicted 

AAPE%  64.24 60.29 2.77 2.77 

R 0.69 0.69 0.97 0.97 

 

AAPE= 6.22% 

R = 0.90 

 

 

dd 

AAPE= 2.59% 

R = 0.97 

 

 

dd 
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Figure 28  Predicted AV vs actual values. 

 

Figure 29 Actual AV vs calculated AV using 

predicted R600. 

 

Figure 30 Actual AV versus Pitt correlation. 

 

AAPE= 2.77% 

R = 0.97 

 

 

dd 

AAPE= 2.77% 

R = 0.97 

 

 

dd 

AAPE= 64.24% 

R = 0.69 

 

 

dd 

AAPE= 60.29% 

R = 0.69 

 

 

dd 
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4.5 Conclusions  

Adaptive neuro-fuzzy inference system (ANFIS) was used in this paper to construct the 

models to predict the invert emulsion mud rheological properties as PV, YP, R600, R300, 

behavior index and AV using the more frequent field measurement 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 ANFIS technique 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 assuring 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 to have a real-time 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 

 

 

Figure 31 Actual AV versus Almahdawi 

correlation 
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used as per the mud type. 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: 

¶ ANFIS models were able to predict the rheological properties with high accuracy 

based on MWT and MFV only  

¶ 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. 

¶ 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 outperformed 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 in real-time. 
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Chapter 5 Prediction of Rheological Properties of High 

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 two-parameter model. The design of the rotational 

rheometer was conducted basically for the fluids following the Bingham plastic model. 

Another rheological model is the power-law model which is also a two-parameter model 

but, it is describing pseudoplastic fluids that have a decrease in viscosity with increasing 

shear rate(Hossain and Al-Majed, 2015). The model that is considered the most accurate 

model for describing the rheological behavior of drilling fluids is the Herschel Bulkley 

model which is a three-parameter 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. The plastic viscosity, 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 collected 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 120 pcf. The 

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 lb/100ft2 39 lb/100ft2. The apparent 

viscosity ranges from 20 cP to 89 cP. The behavior index was calculated and shows a range 

from 0.51 to 0.82. Table 14 summarizes the statistical analysis of the model data. 

Table 14 Statistics of studied data for Max-bridge oil-based mud 

 rm mf mp g h ma 
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[pcf]  [sec] [cP] [lb/100 

ft2]  

[cP] 

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 44.53 22.71 0.73 55.88 

Median 97.00 74.00 44.00 22.00 0.74 56.00 

Standard 

Deviation 
9.13 12.85 9.66 3.78 0.05 10.41 

Kurtosis 0.82 1.40 -0.09 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 

using simple 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 quality(Rostami et al., 2019b, 2019c). 

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 

(Figure 32). 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 with plastic 

viscosity (0.67) and with apparent viscosity (0.68). Numbers are pushing towards the fact 

that high-quality data is available for having accurate models with mud weight having a 

correlation coefficient of 0.43 with behavior index. the least correlation coefficient 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 other input 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 had the lowest but, not low correlation coefficient of 0.30 

while the yield point had a 0.34 correlation coefficient with Marsh funnel 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 modeling(Karkevandi-Talkhooncheh 

et al., 2018; Mahdaviara et al., 2021; Rostami et al., 2018b), reservoir flooding(Kamari et 

al., 2017; Rostami et al., 2018a, 2018c), rock properties estimation(Mahdaviara et al., 

2020; Rostami et al., 2019a). It can imitate various complex issues that cannot be dealt 

with using simple non-linear regression techniques(Agwu et al., 2018). Artificial neural 

networks provide a good way for analyzing the problem characteristics and the parameters 

interrelations based on the data analystics(R. P. Lippmann, 1987). It was originally 

designed to mimic performance characteristics of neurons(Nakamoto 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 transfer function that represents the nature of the 

problem, the network also contains a training algorithm(Nakamoto Pat, 2017). In each 

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

biases in the next layer(Hinton et al., 2006). For regression tasks, (pure linear) transfer 
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function is used in the output layer, in addition to log-sigmoid and tan-sigmoidal are 

common types for the transfer function(Niculescu, 2003). 

AI has recently been widely used in the field of fluids for drilling. Some of these 

applications involve optimizing drilling(Bello et al., 2016), optimizing hydraulics(Wang 

and Salehi, 2015), and predicting rheological characteristics of invert emulsion 

mud(Elkatatny, 2016), water-based KCl mud(Elkatatny, 2017), drilling liquid 

CaCl2(Gowida et al., 2019), and water-based NaCl drill-in 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. The neural networks technique 

was chosen that helped to extract the ANN-based equations in this study to make them 

available 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 single rheological 

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 viscosity and 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 was loaded 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 neural network 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, updates weights and 

biases values according to certain optimization. A back-propagation Levenberg-Marquardt 

algorithm was used which is the fastest method with medium-sized networks and it is the 

most efficient when used with Matlab software. For each rheological parameter, 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 the trained model 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 measured values were used as an indication of the 

quality 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 was like 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 parameters investigated 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 log sigmoid function and the tan sigmoid function but, also for all the four 

parameters. It 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 developed models the 

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 any simple 

program or automation process, Equations 18 and 19 for normalization of the inputs must 

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

symbols. 

 r πȢπτυr χφ ρ (18) 

 m πȢπςφm ττ ρ (19) 

The equations extracted from the neural networks used in the optimization process would 

be using the normalized inputs and a table of weights and biases for each output. It is 

needed to use equations to denormalize the output to get the predicted value. The equations 

20 to 23 were used for the denormalization as following: 
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The normalized outputs had their equations related to the inputs according to the transfer 

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. 

 

5.4.1 Plastic Viscosity Model 

The artificial neural 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 with 

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 from the 

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, logsig, elliotsig, 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 were recorded 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 (Figure 33a). 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% (Figure 33b). The equation (Equation 24) was 

extracted from the resulted artificial neural networks model. 



56 

 

 

(a) 

 

(b) 

Figure 33. Plastic viscosity ANN-based model results vs the actual measurements. (a) 

Training data set; (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 (N) and neuron index (i). The weights (w1 and w2) are existing in table 15 along 

with the values of the biases (b1). For the bias (b2) it was found to be (-1.40). 

 

Table 15 Weights and biases for plastic viscosity model 

i w1i,1 w1i,2 b1i w2i 

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 

R = 0.96 

AAPE = 4.59% 

R= 0.93 

AAPE= 5.31% 
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11 -1.74 -4.21 1.15 2.19 

12 2.88 8.99 1.53 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 -7.77 -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 -7.42 7.26 

29 10.03 -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 

 

5.4.2 Yield 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 as shown in Figure 34. AAPE was 4.85% and 

4.98% for training and testing processes respectively. The model equation was extracted 

for normalized yield point is Equation 25 with the bias (b2) to be (15.90) and the rest of 

the weights and biases are in Table 16.  
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(a) 

 

(b) 

Figure 34. Yield Point ANN-based model results vs the actual measurements. (a) Training 

data set; (b) Testing data set. 
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Table 16 Weights and biases for yield point model 

i w1i,1 w1i,2 b1i w2i 

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 4.11 -1.40 

12 0.86 2.81 -0.81 2.81 

13 -0.66 1.55 1.08 -20.42 

R = 0.91 

AAPE= 4.85% 

R= 0.91 

AAPE= 4.98% 
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14 3.37 -64.51 12.18 0.03 

15 -5.67 2.52 1.50 3.25 

16 15.06 -7.76 2.23 -0.06 

17 28.67 10.46 -2.17 0.14 

18 -8.58 -3.87 1.29 0.86 

19 -5.66 -3.90 -0.90 -4.15 

20 -1.61 -3.36 -0.59 -2.77 

21 5.15 3.12 0.90 -6.51 

22 5.03 0.34 4.54 -12.18 

23 -36.30 43.15 -46.10 -8.20 

24 -30.67 -2.51 -11.63 0.21 

25 14.83 -0.52 12.53 1.18 

26 5.42 0.73 2.98 -8.41 

27 -4.57 -0.22 -2.56 -9.21 

28 -6.77 -4.78 -5.97 -1.77 

29 -0.82 6.75 2.18 13.43 

30 -1.15 4.40 -10.74 -7.58 

31 4.14 -0.89 4.06 7.92 

32 60.64 -75.65 77.30 -25.77 

 

5.4.3 Flow Behavior Index Model 

Figure 35 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 equation (Equation 26) are in Table 

17 and the bias (b2) was (-11.80) 
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(a) 

 

(b) 

Figure 35. Flow behavior index ANN-based model results vs the actual measurements. (a) 

Training data set; (b) Testing data set. 
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Table 17 Weights and biases for yield point model 

i w1i,1 w1i,2 b1i 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 

R= 0.94 

AAPE= 1.68% 

R= 0.91 

AAPE= 1.66% 
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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 4.21 -4.25 21.03 

31 42.48 -53.25 54.61 24.22 

32 32.07 -40.70 40.84 -2.17 

 

5.4.4 Apparent 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 training and testing 

respectively (Figure 36). Table 18 represents the weights and biases for the apparent 

viscosity equation (Equation 27) while bias (b2) was (9.96). 
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(a) 

 

(b) 

Figure 36. Apparent viscosity ANN-based model results vs the actual measurements. (a) 

Training data set; (b) Testing data set. 
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Table 18 Weights and biases for apparent viscosity model 

i w1i,1 w1i,2 b1i w2i 

1 -30.20 -31.64 35.35 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 37.85 -7.90 

5 10.90 -6.99 -7.60 13.86 

6 -5.95 -7.72 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 4.54 25.60 

11 -10.99 3.08 4.16 -2.46 

12 33.41 68.75 -23.10 -0.20 

13 -8.81 10.66 3.93 -24.29 

14 -38.69 -156.60 8.64 0.07 

R= 0.97 

AAPE= 3.51% 

R= 0.93 

AAPE= 4.67% 
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15 -8.95 8.48 2.54 3.10 

16 27.95 -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 30.42 -33.45 -15.53 

28 -15.74 -18.78 -10.45 -17.88 

29 15.80 -14.48 14.89 0.57 

30 -25.31 81.48 -38.20 -0.14 

31 6.54 -4.40 5.83 -1.08 

32 31.46 -30.37 37.95 -33.55 

 

5.4.5 Cross-validation of the Four Models 

The training data set used in developing the four models has gone through rigorous 

checking using the cross-validation 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 Table 19 lists the correlation coefficient (R) for the testing fold 

of the four rheological parameters and Table 20 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 

 mp g h ma 
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R1 0.97 0.91 0.97 0.96 

R2 0.97 0.81 0.92 0.97 

R3 0.96 0.91 0.92 0.98 

R4 0.98 0.81 0.92 0.97 

R5 0.96 0.88 0.94 0.97 

 

 

Table 20 AAPE for the testing fold for the four rheological parameters  
mp g h ma 

AAPE1 % 4.7 6.5 1.4 4.1 

AAPE2 % 3.9 7.0 1.9 3.2 

AAPE3 % 4.7 4.9 1.7 3.0 

AAPE4 % 4.3 7.6 1.6 3.7 

AAPE5 % 4.6 5.4 1.7 3.6 

 

 

5.5 Discussion 

The study succeeded to employ the artificial intelligence as an approach for better 

prediction of the mud rheology in real-time 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 models for the mud rheological 

properties were compared with other conventional models(Almahdawi et al., 2014; Pitt, 

2000) to check the prediction accuracy. Pitt(Pitt, 2000) had developed an equation that can 

be used to calculate the apparent viscosity depending on mud weight and Marsh funnel 

viscosity. This correlation was updated by Almahdawi(Almahdawi et al., 2014). The 

developed correlations by Pitt(Pitt, 2000) and Almahdawi(Almahdawi et al., 2014) were 

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 approach. Elktatny et al.(Elkatatny et al., 2016) succeeded 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. However, the 

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 percent in some other 

studies, it was possible to omit the solid percent from inputs, was revisited by researchers 

many times manipulating data for different types of mud. 

Elkatatny(Elkatatny, 2016) dealt with invert emulsion mud using artificial neural networks 

but, including the solid percent on the inputs besides mud weight and Marsh funnel 

viscosity. This type of mud was revisited by Alsabaa et al.(Alsabaa et al., 2020) using an 

adaptive network-based 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 the solid percent on mud sample.  

Elkatany et al.(Elkatatny et al., 2017) have used simple non-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 et al.(Elkatatny et al., 2017) for invert 

emulsion mud are indicating logarithmic relationships between Marsh funnel viscosity 

(mF) in seconds and plastic viscosity (mp) (Equation 28) measured in (cP), yield point (g) 

(Equation 29) measured in (lb/100ft2), flow behavior index (h) (Equation 30), apparent 

viscosity (ma) (Equation 31) measured in (cP).The mud weight is used as input in Equation 

28 to Equation 31 and was measured in (g/cm3) which needed conversion for values of 

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

 ʈ ρχȢχσυzʍ ÌzÏÇʈ σπȢω χȢωχω (28) 

 g ρȢυτως z ʍ  z ÌÏÇʈ σπȢω ρψȢψτ (29) 

 h πȢρρωσzʍ ÌzÏÇ ʈ ρρȢςτωπȢστυω (30) 

 ʈ ρψȢψσσzʍ ÌzÏÇʈ σπȢω πȢωρψφ (31) 
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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 Pitt(Pitt, 2000). The formula that Pitt(Pitt, 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 resulted apparent 

viscosity from Pittôs equation (equation 1) was 0.74 which is fairly good but, the model 

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 when checked for average 

absolute percentage error that was extremely low and was 3.99% which is far less than the 

average absolute percentage error from Pittôs equation (equation 1) that was 78.44%. Even 

the modified version of Pittôs equation that was Almahdawiôs equation (equation 2) is still 

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 percentage error that was 73.87% (Figure 37). The results from 

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

models.  

 

Figure 37. Actual values of apparent viscosity versus predicted values from the equation 

developed by this study, Pittôs equation, and Almahdawiôs equation. 

The whole data set used for training and testing for the Max-bridge oil-based mud models 

was used in the comparison with other models(Elkatatny et al., 2017). Generally, the 

R= 0.96 

AAPE= 3.99%  
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developed models for the Max-bridge oil-based mud outperformed all the models 

developed by Elkatatny et al.(Elkatatny et al., 2017) in terms of R (Figure 38a) and AAPE 

(Figure 38b). 

 

(a) 

 

(b) 

Figure 38. Accuracy comparison between Elkatatny et al. equations versus the developed 

models in this paper for Max-bridge oil-based mud. (a) R; (b) AAPE. 

5.7 Conclusions  

This work facilitates the monitoring of rheological parameters in real-time 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 oil-based mud. The following finds can be concluded: 

¶ Four ANN models was developed for predicting the rheological properties, such as 

plastic viscosity (mp), yield point (g), flow behavior index (h), and apparent 

viscosity (ma), in a real-time with high accuracy.  

¶ Each model has its optimized parameters, however, thirty-two neurons in the 

hidden layer and tan sigmoid (tansig) function transfer function were the best 

parameters for all models. 

¶ The models' training and testing phases showed a strong performance with R 

greater than 0.91 and AAPE less than 5.31%. 

¶ 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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¶ The study provided empirical equations for estimating the mud rheological 

parameters to be employed for estimation in real-time with high accuracy. 
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Chapter 6 Prediction of Rheological Properties of High 

Density Mud 

6.1 Materials and Methods 

The study used a collected data for the Micromax oil-based mud system. The data was 

gathered from the mud reports that cover all 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 drilling fluids in 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. 

 

6.1.1 Study Approach  

The approach layout for the study is shown in Figure 39 that 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 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 to maximum) 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 between the rheological properties and 

the complexity level for correlating these parameters. Building the models started after the 

data preprocessing for the high-quality data by optimizing the ANN model parameters for 

better prediction and study the sensitivity for 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 performance level is not accepted. Finally, the best 

model parameters and results were reported. 

 

 

Figure 39 The approach layout for the study. 

 

6.1.2 Data Description and Statistics 

The recorded parameters covered all the six properties for the Micromax oil-based 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 introduces a novel 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 content(Agwu et al., 2018; Razi et al., 2013b), and hence, 

the new approach will save time and eliminate the measurement errors to the data(Alsabaa 

et al., 2020). The study uses only mud density and Marsh funnel as model inputs as these 

parameters have high-frequency measurements (three to four times per hour) and easy to 

measure on the rig site 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 Table 21, the data represented a wide range 

for the rheological properties as the mud weight 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 lb/100 ft2, and flow behavior index (h) has a range from 0.25 to 0.79. 

Table 21 Data statistical analysis 

Statistical 

Parameter 

rm 

[pcf]  

mf 

[sec] 

PV 

[cP] 

YP 

[lb/100 ft2] 
h 

AV 

[cP] 

Minimum  75 49 8 16 0.25 19 

Maximum 120 110 50 58 0.79 63 

Mean 94.5 71.6 21.8 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 

 

6.1.3 Data Analysis 

The correlation coefficients were studied between the model 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 was found to have an indirect relationship 

with yield point and consistency factor by R of -0.44 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 the apparent viscosity as shown in Figure 40. 
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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 Figure 41 there 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 relationships of the 

parameters. 
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Figure 41 Scatter plots between the model inputs and outputs. a) PV, b) YP, c) , and d) AV 

 

6.1.4 Artificial Neural Networks Technique 

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

processing algorithms based on interconnected artificial neurons that mimic the biological 

neural networks(Abbas et al., 2019; Bello et al., 2015). Three layers represented the 

common architecture for ANN which are the input, hidden, and output layers(Cevik et al., 

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

the network performance(R. P. Lippmann, 1987). Different algorithms are used for model 

training and controlling the neurons processing(Graves et al., 2009). Many parameters 

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

the neurons` number, network, training, and transfer functions. Figure 42 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 function, number 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 model, and different 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 Results 

6.2.1 Sensitivity 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 number of neurons 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, however, this 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 for the 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 for the dataset 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 model parameters and Table 22 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 during developing 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 was 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 regularization backpropagation function was found 

to be the best training function for all the models that updates the weight and bias values 

according to Levenberg-Marquardt optimization as it minimizes a combination of squared 

errors and weights, and then determines 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 pattern recognition network functions were the best for h and AV 

models respectively. The optimum transfer functions between the inputs and hidden layer 

were log-sigmoid transfer function, hyperbolic tangent sigmoid transfer function, and 

radial basis transfer function for PV and YP, h, and AV models respectively. 
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Table 22 Sensitivity analysis results 

Model ANN Model Parameters Training 

Results 

Testing 

Results 

h N Network 

Function 

Training 

Function 

Transfer 

Function 
R 

AAPE

% 
R 

AAP

E% 

PV 1 10 fitting neural 

network 

function 

Bayesian 

regularizati

on 

backpropag

ation 

log-

sigmoid 
0.98 7.0 0.98 9.3 

YP 1 8 fitting neural 

network 

function 

log-

sigmoid 
0.97 5.0 0.92 7.8 

h 1 9 feedforward 

backpropagat

ion network 

function 

hyperboli

c tangent 

sigmoid 

0.98 4.0 0.97 6.6 

AV 1 7 feedforward 

backpropagat

ion network 

function 

radial 

basis 
0.97 5.1 0.96 6.3 

6.2.2 Models Training Results 

The training of the network was done to obtain the best models that can predict the output 

rheological property from the input 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 compared 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 highest correlation coefficient (R of 0.98) for the training data set 

were the plastic viscosity (PV) and the behavior index (h) as 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 (Figure 43b and 43d).  

The highest average absolute percentage error was for the plastic viscosity (PV) that had 

only 7% (Figure 43a) while the behavior index (h) was the lowest AAPE with only 4% 

(Figure 43c). The apparent viscosity (AV) and the yield point (YP) models were of only, 

5% AAPE (Figure 43b and 43d).  

 

Figure 43 Training results for the rheological properties prediction. a) PV, b) YP, c) n, and d) AV 

 

In addition, the rheological properties plots for the actual versus predicted are shown in 

Figure 44 which represents the high degree of match for the log profiles of each rheological 

property (PV, YP, h, and AV) as shown in plots of Figure 44a, 44b, 44c, and 44d 

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

AV 

 

6.2.3 Models 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. The chosen 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 results for the rheological properties prediction for PV, YP, h, and AV 

rheological properties models (Figure 45a, 45b, 45c, and 45d respectively). The correlation 

coefficient recorded higher than 0.96 for all models except for the yield point model that 

had a correlation coefficient of 0.92 (Figure 45b) 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 current data set in addition 

to the log profiles for the actual and predicted values.   

 

Figure 45  Testing results for the rheological properties prediction. a) PV, b) YP, c) n, and d) AV 

 

The rheological properties profiles were plotted to show the actual versus predicted values 

for the testing data set as represented in Figure 46a-46d plots for PV, YP, h, and AV 

rheology models respectively.  
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Figure 46 Rheological properties logs for actual versus predicted values (testing set). a) PV, b) YP, c) n, 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 accepted accuracy for the models bason on the recorded statistical 

metrics R and AAPE. 

6.2.4 ANN-Based Equations 

New ANN-based equations were extracted from the weights and biases of the ANN 

rheological prediction developed models. The ANN-based equations are proposed to be 

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 

between -1 and 1 as per Equation 32: 

8 ςz
8  8  

8  8 
ρ    (32) 

 

where, 8  represents the normalized value for variable 8, 8 is the value of variable 8, 

8  is the minimum value of variable 8, 8  is the maximum value of variable 8. 

The minimum and maximum values for each variable that are used for data normalization 

are presented in Table 23. 

 

Table 23 Minimum and maximum values for data normalization 

Statistical 

Parameter 

rm 

[pcf]  

mf 

[sec] 

PV 

[cP] 

YP 

[lb/100 ft2] 
h 

AV 

[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 transfer function as shown in 

the following equations: 
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where, . is the number of neurons in the hidden layer, ×  is the weight associated with 

each feature between the input and the hidden layers, ×  is the weight associated with 

each feature between the hidden and the output layers, Â  is the bias associated with each 

neuron in the hidden layer, Â 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 optimized network for each output. The correlations use the weights 

and biases that are listed in Tables 24, 25, 26, and 27 for the four rheological properties. 

 

 

Table 24 Weights and biases for PV model 

i w1i,1 w1i,2 b1i w2i 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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i w1i,1 w1i,2 b1i 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 11.55 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 4.91 3.35  

 

 

Table 26 Weights and biases for n model 

i w1i,1 w1i,2 b1i 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 w1i,1 w1i,2 b1i 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  



84 

 

7 4.03 -0.03 1.60 -2.37  

 

Finally, to convert the obtained normalized values for the rheological properties to actual 

values, Equation 36 can be used again to determine the actual values by rearranging the 

equation parameters to be:   

8
8 ρ

ς
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 mentioned 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 

measurement for these parameters during the mud monitoring process (3 to 4 times per 

hour). Consequently, the study will provide the rheological properties with high-frequency 

data based on the inputs measurement frequency rather than the long time for the 

experimental lab 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 rheology prediction. 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, the new 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 with Pitt(Pitt, 2000) and Almahdawi 

e al.(Almahdawi et al., 2014) developed 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 ANN-AV model overcomes the two 

correlations with high accuracy for high R-value (0.96) and low errors (6.3%) between the 

predicted and actual measurement of apparent viscosity. 

 

Figure 47 AV prediction comparison with published models. log profile (left), accuracy metrics (right) 

 

6.4 Conclusions 

The current study presented a new contribution for the rheological properties automation 

monitoring system for the Micromax oil-based drilling fluid through the machine learning 

application. The study employed the ANN technique 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 achieved and 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 showed that R 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 ANN-based equations were developed based on the 

optimized ANN models that can be used to estimate the rheological properties with high 

accuracy in real-time good monitoring for the drilling fluid performance without the need 

to have the code.  

The limitations for this study might 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 applications 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 of Flat 

Rheology Mud 

7.1 Material s and Methods 

The study used collected data for the flat rheology synthetic oil-based 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 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. 

7.1.1 Study Approach  

The approach layout for the study is shown in Figure 48 that 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 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 to maximum) 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 between the rheological properties and 

the complexity level for correlating these parameters. Building the models started after the 

data preprocessing for the high-quality data by optimizing the ANN model parameters for 

better prediction and studying the sensitivity for each model parameter on the prediction 

performance. The 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 parameters and results were reported. 
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Figure 48 The approach layout for the study. 

 

7.1.2 Data Description and Statistics 

The recorded parameters covered all the six properties for the flat rheology synthetic oil-

based 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 introduces a novel 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 content(Agwu et al., 2018; Razi et al., 2013b), and hence, 

the new approach will save time and eliminate the measurement errors to the data(Alsabaa 

et al., 2020). The study uses only mud density and Marsh funnel as model inputs as these 
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parameters have high-frequency measurements (three to four 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 and outliers. As shown in Table 28, the data represented 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 mud yield point (YP) ranged from 

11 to 30 lb/100 ft2, and the flow behavior index (h) has a range from 0.52 to 0.87. 

Table 28 Data statistical analysis 

Statistical 

Parameter 

rm 

[pcf]  

mf 

[sec] 

PV 

[cP] 

YP 

[lb/100 ft2] 
h 

AV 

[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 1.25 0.35 5.96 0.36 0.72 

Skewness -0.70 0.75 0.63 1.89 -0.74 0.77 

 

7.1.3 Data 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 with flow 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 behavior index to 0.70 with the apparent 

viscosity as shown in Figure 49. 
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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 

shown in Figure 50 there 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 relationships of the 

parameters. 

 

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

 
































