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Abstract: Neural-objective and image optimization approaches for drilling fluid rheology automation
are crucial for drilling engineering optimization. A myriad of intelligent computational models
are employed to predict and monitor the parameters of mud rheology and filter cake permeability
posture using an artificial neural network feedforward (ANN-FF) function, a non-ANN-FF function,
an image processing tool, and a model optimization tool. 498 datasets of synthetic-based mud
(SBM) flat rheology from a drilling mud laboratory at Nazarbayev University were imported into
a user-friendly MATLAB application using image processing and nftool. Apart from the Google
TensorFlow Sequential API DNN architecture used, a Levenberg-Marquardt training algorithm with
input sigmoid hidden neurons 10, 12, and 18 coupled with a linear output layer was also used to
predict the SBM flow index. OBM and SBM filter cakes were processed for void spaces; however,
a model study was extrapolated to maximize filtration volume V;. The study’s findings show that
the ANN-FF model employed for rheological property monitoring and prediction had higher steady
and exponential levels of accuracy and a correlation coefficient of 0.96-0.99. More so, SBM and OBM
image processing presented an area of void spaces of 1790M? and 1739M?, respectively. The porosity
and permeability postures of both SBM and OBM resulted in a significant void space capable of
maximizing the flow index. In addition, the single-objective modelling based on a genetic algorithm
did validate the experimental rheological data for flow index or filtration volume V; optimization;
the study resulted in the finding that the constrained physics-informed objective function hindered
maximizing oil recovery and instead predicted possible formation damage. It is empirical to note that
automating flow predictions with neural, objective, and image functions has presented an alternative
novel method for non-programmers using MATLAB and Google Colabs that is capable of enhancing
mud rheological parameters, drilling efficiency, and hydrocarbon recovery.

Keywords: mud rheology; filter cakes; neural network; image; objective optimization

1. Introduction

1.1. Research background

An efficient circulation of mud in the wellbore, maintaining a constant hydrostatic pressure in the
drilling column, safe carriage of cuttings, effective reduction of drilling bit and string temperatures,
and good hole cleaning are all reliant on a good drilling mud formulation [1,2]. This in its entirety
prevents fluid pressures from drilled formations invading the wellbore, and if this is not properly
managed, a devastating blowout is expected. About the essence of good mud engineering, mud cakes
are formed [3] and are efficient not only in preventing the formation of fluids in the wellbore [4,5] but

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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also in deterring the filtration of mud into the pore throats of the formation, otherwise it would cause
formation damage.

There have been considerably brilliantly implemented ideas of drilling fluid formulations [6] that
have been extensively researched, posing as the best drilling mud efficiency for preventing formation
damage. Despite the numerous available drilling mud designs, most of these that are commonly used
are classified into two categories based on the materials used in their formulation: oil and water base.
These industrially acceptable muds tend to have some rheological profiles [7,8] that are most sensitive
to the formation and are eco-friendly to personnel and equipment. The American Petroleum Institute
(API 13I) rheological profiles [9,10] standard in these muds is technically made for effective filtration
that doesn’t tend to damage near-wellbore but is intended to increase drilling productivity and reduce
non-productive time during the drilling cycle [11].

The presence of oil in synthetic-based muds [12] provides good hole cleaning and circulation,
increasing the chance of protecting and persevering drilled formation walls. Moreover, this has
the advantage of providing no damageable traits to the drilling sections, which provides a high
degree of performance concerning flat rheology. However, in shallow and deep wells [13] under
drilling operations, some fluid engineers consider the efficacy of synthetic-based drilling fluids as
suitable fluids whose properties do not change over time or react inefficiently when in contact with
high-temperature and high-pressure regions. In aspects where drilling is done in extremely cold
regions, the flow behavior of the mud must maintain its physiochemical properties; these new
formulations are experimented with and further researched to handle severe drilling conditions.
Drilling fluids [14,15], and their hydraulics [16] are the basis for understanding computational flow
geometry to handle efficient drilling operations.

1.1.1. Synthetic Fluid Chemical Compositions

Fluids whose bases are synthetic have a long carbon chain history from C;8 to Cp4 [17]. This
organic compound is easily degradable but has extreme potency, behaving like an extract from crude
oil as the base oils do. However, this inverted emulsion has a continuous external phase, while the
brine exhibits an internal phase. In addition, the popularity of synthetic fluids in markets today cannot
be underestimated; ester, di-ether, poly-a-olefin, and detergent alkylate are examples. It is worth
noting that some of these are formed by mixing alcohol with fatty acids, condensation and oxidation
of alcohols, polymerization of ethylene, and alkylbenzene.

1.1.2. Rheology

The flow index and fluid hydraulics observe an API standard for measuring fluid rheology at
the drilling site; operators of drilling fluid keep a close eye on the evaluation and monitoring of fluid
profiles to keep the well safe and balanced to prevent devastating situations [18]; the proficiency of the
fluid in question is kept under rigorous test for safe operations. These profiles under consideration
take into account the density of the fluid, apparent and plastic viscosity, yield point, and gel strengths;
the relevancy of this check helps ascertain the circulation and pressure loss of the drilling fluids’
performances. Alsabaa [19] had demonstrated the flow behavior of drilling mud using the Marsh
funnel experiment; the author further used Fann 35 [20,21] rotating viscometer to define mud rheology.
However, the continuous testing for the flat rheological properties of the synthetic-based drilling mud
[22] in the fields and the laboratory remains a relevant job for the rig crews to do because, when it
comes to multilateral wells, suitable drilling fluids are designed to cater for well control. It is also
recommended that the density of the fluid in operation be checked periodically, especially 3—4 times an
hour, to detect possible deviations from stable rheological properties. The constant alert for this check
is because the drilling fluids may and could have gotten into contact with some delicate formations.
For this unknown reason, the fluid density must be in the constant test.
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1.1.3. Neural Networks

However, while we tend to monitor and evaluate the drilling fluid profiles in constant check,
artificial and deep neural networks are by far employed to reduce time-cost [23-25] effects on the
drilling and production of hydrocarbons in the petroleum and civil engineering industries. Its
application to solve complex and technical problems is derived from biological neuron concepts.
This has the potential to solve linear and non-linear problems [23,24] based on adaptable models
and datasets. More so, optimizing the prediction of fluid rheology [26,27] requires an efficient
computational model. The most reliable indicators for predicting the accuracy of machine learning
outcomes are the mean square errors (MSE) and the coefficient of correlation (R). A lower MSE value
indicates a higher level of accuracy in the predictions, while a higher R-value (ranging from 0.7 to 0.9)
signifies a stronger linear relationship between the variables [4].

As reported by [28], their previous research shed light on optimizing gauge biofilm thickness and
its hydrodynamic parameters using deep learning convolutional neural network algorithms. Their
successful 2D and 3D biofilm thickness predictions were better than intuitive reasoning and manual
calculations. Given this, the current study brings to light an intelligent means of predicting [29-32] the
rheology of 498 sampled synthetic-based mud rheological profiles to determine and improve future
drilling performance optimization expectations. The focus of this is to obtain or maximize filtration or
flow index for prediction and proper monitoring. In addition, the flow index computation from the
neural network is a dependent variable of the entire fluid rheology parameters, recognizing PV, AV,
and YP as its independent variables. [26].

1.1.4. Filter cakes

The formation of thinly layered slurry on the walls of the well is termed filter cake [31]. In previous
studies, authors [33,34] devised means to determine the efficacy of drilling fluids by subjecting them
to rigorous pressure and temperature. Filtration [3] loss explains the potency of the cake to return
permeability or increase the enhancement of hydrocarbon production after washing. This study
concentrated on synthetic-based muds [35] that were formulated in the laboratory as indicated in
previous studies; the liquid phase of the slurry simply slipped into permeable formations, leaving
behind packed solid particles. More so, cakes that have a higher degree of thickness or tightly packed
particles increase the drag and torque, thereby easily getting pipes stuck in the well during drilling.
As a result, when particles are packed more loosely, it enhances the porosity and permeability profile,
leading to a favourable rheological profile determination.

1.1.5. Single-Objective Optimization (SOO)

There have been several widespread optimization algorithms for finding optimal engineering
design solutions. Based on the given problem or physics-informed objective functions, algorithms
such as the Levenberg-Marquardt algorithm, grey wolf, ant colony, particle swarm optimization,
evolutionary algorithm, differential evolution, hill climbing, stochastic optimization, and now the
most popular Adam algorithm [36] is widely used for optimization problems.

Moreover, the quest to find the flow index and maximise filtration volume Vf for the optimum
recovery of oil in filter cakes throws out a physics-informed objective as described in the method section

below; focuses on the general single-objective optimization algorithm illustrated in the following Eq.
1-4 [37];

miny f(x)s.t. (1)

doi:10.20944/preprints202401.1757.v1
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Xmin < X < Xmax (4)

Dias and Liu [37,38] computed single and multiple objective optimizations for pultrusion and
multistage filtration processes. Dias inferred informed physics and mathematics and then defined a
pultrusion die with six heaters and C-section composite geometry.

While the current study optimizes filtration volume V based on a default genetic algorithm,
Dias et al. introduced two different algorithms for single-objective computation: particle swarm
optimization (PSO) and sequential quadratic programming (SQP) algorithms. These algorithms were
used under the influence of a constraint on the minimum degree of cure of 0.9. After drawing a
comparative analysis, the sequential quadratic programming (SQP) algorithm performed better at
30.31% in determining the minimum objective function than that of particle swarm optimization (PSO).

Meanwhile, Liu et al. computed a superstructure for the optimal design of a continuous multistage
reaction and crystallization process for the production of aspirin. The objective of the research problem
was to maximize yield and minimize waste under certain imposed constraints. The literature for this
previous research was to pay maximum attention to the wash filtration stage amongst other critical
physics-informed components such as temperatures, mass flow rate, and residence times. Despite
several optimization scenarios, Liu maintained a genetic algorithm under single-objective computation
to best define the optimal crystal size, yield, and coefficient of variation (CV). It, however, turned out
that the respective mean crystal size and yield were 628 and 87.91, while the minimum coefficient of
variation (CV) of 0.3596 was achieved.

1.1.6. Image processing

The nature of pore spaces [39] and permeability capacity support fluid engineers’ understanding
of flow patterns and pore geometry through a permeable drilled formation. This current study supports
the recognition and appreciation of the pore networks of solid particles [40] that are left behind by
synthetic-based mud after filtration. As the current study monitors the rheological profiles of the
drilling fluid in operation, it is important that the crews on the rig site further visualize the flow
geometry to recover oil.

In previous literature from [41,42], the suspension of solid particles was quantified, and segments
[43] of the flow patterns were presented in 2-D imagery; these techniques were informative to the
drilling management and to the current study. However, the data for testing, training, validation,
image processing, and objective analysis [44-46] are exponentially revealed in the preceding sections.

1.2. Research significance and motivation

In the absence of rig and mud engineers, crews should be able to understand fundamental
computational analysis for gear drilling operations, with an emphasis on monitoring and evaluating
mud rheology and filter cake formation in the wellbore. Drawing up the usage of user-friendly
application programming interfaces (APIs) for non-programmers is expounded on in this current
study to predict flow, maximize filtration volume, monitor void spaces, and evaluate formation
damage occurrences, if any. However, this predictive analysis has become very crucial in the petroleum
industry to enhance drilling efficiency and hydrocarbon recovery in conventional and unconventional
wells.

1.3. Research objectives

The current computational modeling is aimed at constructing useful models to symmetrically
optimize flow index or maximize filtration volume based on the mud rheology dataset using friendly
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neural network APIs from Matlab and Google TensorFlow and also determining the pore posture or
permeability tendencies of oil and synthetic-based mud from image processing.

The study, however, identifies the need to find optimal solutions for maximizing oil recovery
from treated filter cakes by using a fundamentally informed physics objective problem. All this
computation modeling seeks to provide an alternative fluid evaluation and monitoring algorithm for
decision-making, mud rheology, and oil recoverable forecast capabilities for daily operations in the
oil and gas fields. Figure 1 presents an explicit understanding of how all computational work in this
study was carried out.

Y
Mud Rheology/ ANN-nflool MATLAB s e
Filter Cake DNN-Goolge Se i
e Coefficiency/Final loss \
S
—_—
Experimental Data Image Processing/ :
Void & 4
Sorting/Cleaning Scgmentation 01 Speces Reiterate
& Achieved?, Computation
T —_— from START
Single-Objective Formation Damage L
Optimization with Optimal Spatial [ )
START Genetic Algorithm Solution { No?

Figure 1. Computational Framework

2. Methods

2.1. Experimental Data

The data collected were from an experiment with flat rheology from synthetic-based mud in
a drilling fluid laboratory at Nazarbayev University [47]. The experimental monitoring of mud
rheological properties explains all parameters involved, as shown in Tables 1 and 2, as recorded for
further computational analysis. However, these mud reports were sorted and filtered to avoid training
irrelevant data. The sampled mud rheology reported 498 data points from the laboratory, which
consisted of fluid density, plastic and apparent viscosity, yield point, gel strength at different periods,
and flow index.

Table 1. ANN-FF Rheological Neuron Analysis

Property | Function | No. Neurons R | No. Neurons R | No. Neurons R

Plastic Viscosity (PV) FF 10| 0.98819 121 0.98817 180.98814
Apparent Viscosity (AV) FF 10 | 0.99956 1210.99953 181 0.99958
Yield Point (YP) FF 10{0.97813 12 {0.97803 1810.97811

Gel Strength (10mins) FF 10 [ 0.86326 12 {0.86326 18 0.86326

Table 2. Rheological Neuron and Non-Neuron Model Analysis

ANN-FF Model | Non-ANN-FF Model

Property Average R Adj. R2

Plastic Viscosity (PV) 0.98816 0.97359
Apparent Viscosity (AV) 0.99956 0.99503
Yield Point (YP) 0.97809 0.94969

Gel Strength (10mins) 0.86326 0.74471
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2.2. Neural Network Approach

Artificial neural networks, the most efficient and intelligent means for prediction [48,49] mimic the
biological neural system as a means of reasoning to solve complex problems [50]. This computational model,
which is well-known in the petroleum industry, has three or more layers depending on the complexity of
the data used. The input, hidden, and output layers are the only layers used in this study’s data training,
which supports the final model selection for an optimized prediction setting [51,52].

However, the relationship between layers is a deeply interconnected neuron network [53]. In this
study, the artificial neural network feedforward function (ANN-FF) from MATLAB’s nftool application,
a user-friendly neural network processing toolbox meant for non-programmers, used the entire data
from each fluid rheological component to model and predict better responses for fluid behavior [54,55].
The model was trained using inputs such as plastic viscosity, apparent viscosity, yield point, and
gel strength (10 sec. and 10 min.) to determine the output flow index. This model is widely seen as
effective because it can extract weights and biases from the trained data and the equations used. The
already pre-processed data imported used 10, 12, and 18 neurons as a means to validate the results
compared with Alsabaa’s research [19] in Figure 8b. More so, Figure 2(a-1) shows the propagation of
more stable linear regression analysis by employing nftools’ non-linear hidden neurons sigmoid with
a linear output neuron based on the rheological parameters. While focusing on the computational
speed with less memory accessibility, ANN-FF proceeded with the Levenberg-Marquardt training
algorithm and the mean square error loss function.

Figure 2. ANN-FF Correlation Coefficient for respective 10,12,18 hidden neurons; Plastic viscosity,
a=0.98819, b=0.98817, ¢=0.98814, Apparent viscosity, d=0.99956, €=0.99953, {=0.99958; Yield Point,
g=0.97813, h=0.97803, i=0.97811; Gel Strength (10mins), j=0.86326, k=0.86326, 1=0.86326

Whereas ANN-FF was used to train 70%, validate 15%, and test 15% of the 498 datasets, the
study further investigated the accuracy of a non-ANN-FF tool (OriginPro) to validate the potency of
the dataset in question, as demonstrated in Figure 3. However, the accuracy of this algorithm was
achieved by monitoring the correlation coefficient R-value for each rheological property, as illustrated
in Tables 1 and 2. The current study introduced the means to compute parameters for predictive
analysis by maintaining Alsabaa’s trained neurons for a fairer observation and validation process
of how the network will coordinate the relationship between the input and output values to define
accurate correlation coefficients.
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Figure 3. Non-ANN Correlation Coefficient (a) PV, CC=0.97359, (b) AV, CC=0.99503, (c) YP, CC=0.94969,
(d) GS 10mins, CC=0.74471

2.3. Filter Cake Image Processing

The interpretation of solid particles and their pore networks from the mud slurry was crucial
for this study to support an easy visualization of flow geometry to better define the flow index.
Images in Figure 4 are filter cakes from previous studies [47,56] that were captured and used for the
interpretations. This process involved a MATLAB-Image Processing Toolbox; the embedded software
is featured to recognize images and extract valid details both in quality and quantity. Data from these
images is simply collated from their quantitative dimensional measurement and pixel segmentation;
however, this analysis was based on colour intensity, thus RGB and grayscale.

The method simply has a simplified structured algorithm as illustrated in Figure 5, where an
input of the image gives rise to the output results; some techniques were employed while processing
the image [57], and some of these are the region of interest (ROI), binary operations, neighbourhood
and block, linear filtering and filter, and a geometric operation, to mention but a few. While other
previous studies [42] paid attention to binary image operations and regions of interest, this current
study utilizes the same focusing on the entire mud cake as the region of interest and thresholding by
converting full-color image or grayscale images into binary.
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Figure 4. Images of laboratory filter cakes (a) Synthetic-based Muds (b) Oil-based Muds

Image Processing Accuracy?
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Image
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Image Plot
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Q—{ Recalibrate Image/Par s I=

Figure 5. Flow chart for filter cake image processing

Nevertheless, montage, an image editing technique, was used to effectively code the images from
previous studies [47,56]; the analysis of these images was converted from their original colours (Red,
Green, Blue-RGB) to grayscale and binary images [58,59]. The intensity of the grayscale is rationed
from 0 to 255; the lesser the number, the darker it becomes, and the greater the number, the more
grayscale is attained. Also, the algorithm supports the conversion of grayscale to binary, and it is
tuned by its intensity from 0 to 1. The imported images [60], [61] were partitioned into several multiple
visible fragments in a uniform pixel arrangement [62,63], and this process was seen as segmentation.

The next step after segmentation was thresholding, which involved the extraction of a partitioned
image based on its intensity and properties. Further grayscale image interpretation for this current
study fairly reviewed a 2D adjusted histogram of the two filter cakes, which were formulated from
synthetic- and oil-based mud. The x-y axis of the histogram represents the respective intensities and
amounts of pore spaces. A 3D particle distribution [64,65], and pore networks were initiated to explain
how these two different mud compositions interact with permeability. Red, Green, and Blue (RGB)
and hue saturation values (HSV) were selected for these processes. Thus, particle distribution [66] and
particle suspension enhance simple visualization and expose the region of interest (ROIs); however,
these processes are coined from thresholding.
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Synthetic Based Mud (SBM)

Oil Based Mud (OBM)-RGB

OBM-grayscale

SBM-Grayscale histogram

OBM-Grayscale histogram

o 50 100 150 200 250 OBM-Binary 10 150 200 250

©OBM-Adjusted Grayscale histogram
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0 50 100 150 200 250

Figure 6. (a) Synthetic-Based mud filter cake image processing, PA: 1739M? (b) Oil-Based mud filter
cake image processing, PA: 1790M?

2.4. Flow Index Single-Objective Simulation

After considerable flow index optimization with feed-forward neural network architecture and
image processing. A careful objective function is obtained and processed in a MATLAB optimization
toolbox. However, while filtration flow from a three-dimensional CFD simulation is adapted from
Mathematical models of particle filtration in Figure 7, it illustrates the flow occurrences in a ceramic
disc concerning fluid and particle flow, particle and pore sizes, and irregular structures of ceramic pore
throats.

The single-objective simulation for the collated data presented a nitrogen gas injection in a carrier
cell with a pressure of 20psi for the recovery of oil through treated filter cakes on a ceramic disc.
Optimizing or maximising the flow index (filtration) in filter cakes for oil production would require
narrowing the physics-based problem to a spatial solution. However, the study takes inspiration
from Puderbach’s [67-70] filtration model as presented in Eq. 5 and 6, where R, is the filter medium
(ceramic disc), Ap, pressure drop, j, viscosity, A, Area, Vf, filtration volume, 7y, filter cake resistance,
K, filtration constant and t, filtration time.
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Synthetic Based Mud (SBM)
- — Uncaptured particles

Figure 7. Monitoring flow index with 3D CFD simulation for filter cake

While satisfying the flow objective, the simulation considered holding other flow parameter
constants as indicated in Eq.7. However, maximising the flow index would literally mean optimizing
filtration volume V, and once filtration volume is maximised then the tendency of the treated filter
cakes to produce or recover the required oil would have been achieved due to the porosity and
permeability posture the cake possesses.

fy) = o x4 ?fj +y 0.0092 @)
Objective Approximation;
flry) =2y =2 %y +3- ®
f(x,y) Constraints for volume;
f(x,y) = 40ml < x < 200ml )
f(x,y) Constraints for pressure;
f(x,y) = 0psi <y < 35psi (10)

The experimental data incorporated into this study expounds on the analysis of several treated
filter cakes undergoing oil-recoverable processes. This analysis demonstrated that within 12 hours of
the initial oil recovery, the maximum filtration volume Vf was at 39.6ml. However, the total 200ml
synthetic oil recoverable was 200 ml which indicated that; the time which has been held constant in
this objective would be 61 hours for the complete oil recoverable process. This elaborates the model
as expressed in Eq.8; filtration volume and pressure drop are replaced with the variables x and y
respectively. Whereas 'x’ represents the vertical nitrogen gas injection into the carrier cell, "y’ illustrates
the horizontal placement of the ceramic disc coupled with treated filter cakes and synthetic oil in
the carrier cell. As pressure was applied to the said carrier cell, oil was expected to flow through
the treated filter cakes, whose polymeric strands were considered broken to optimize oil recovery
processes. In simple terms, if oil takes a longer period to recover or to maximize the filtration volume
in the graduated cylinder, then the ceramic disc would be considered damaged (formation damage)
because the pore throats of the disc would be blocked by several chemical impurities formed from
improperly designed synthetic-based mud and treatment solutions.

3. Results and Discussion

3.1. Rheology Prediction Optimization

A predictive accuracy boost for the rheological parameters in this study required a high degree of
computational algorithm; this involved a sensitive analysis initiated by several neurons in the hidden
layer used and the type of function the algorithm operated on. Though the study limited its data to
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498 data points, the number of neurons increased significantly and had an impact on the correlation
accuracy, as shown in Figure 8. This further explains the ineffectiveness of increasing the number
of neurons since 10 and 12 neurons were enough for training and testing the data. An increase in
the number of neurons in this study yielded significantly low accuracy; however, the best number of
neurons for the training for the said data was between 10 and 12.

The study further made a comparative analysis with Alsabaa’s model and a non-ANN-FF linear
fit model. The average of Alsabaa’s mud weights’ correlation coefficient (cc) and the average of the
number of neurons is demonstrated in Figure 8b, which foretells the accuracy of the rheologically
sensitive prediction analysis. The ANN-FF model from nftool clearly distinguishes between the best
training and testing algorithms.

L] [__]ANN-FF Model
@ | 12 223222 E [__]Non-ANN-FF Model
[ 18 Neuron: [__]Alsabaa's Model
1.0 4 eurons

=)
L

o
o
1

0.8+

o
o
1

0.6 4

o
~

0.4+

Coefficient of Correlation (R)
Coefficient of Correlation (R)

o
N
1
o
N
N

o
o
I
o
o

T T T T
Plastic Visc.  Apparent Visc.  Yield Point Gel Strength
Mud Rheology Optimization Mud Rheology Prediction Model Comparison

T T T T
Plastic Visc.  Apparent Visc.  Yield Point Gel Strength

Figure 8. Flow Index predictive analysis based on (a) Neurons (b) Models
3.2. Cake Image Optimization

In image segmentation [42,61], an image-segmented app was loaded with an adjusted grayscale
SBM image, and a high balanced threshold intensity of 90 was set for the SBM cake to attain a 2D binary
image (black and white) shown in Figure 6a. Morphology [71] at this stage wasn’t necessary because
there was no foreign interference in this analysis. More so, further segmentation was conducted to
generate a 3D particle image dispersion or image spacing taking into account SBM cake, and a colour
thresholding MATLAB app was launched. SBM cake (actual colour) was imported; a scattered particle
spacing is shown in Figure 6a, which includes the RGB and HSV. The region of concern is the visually
dispersed particles indicating high porosity, which could also be simply identified by the less dense
area of both the 3D scattered plot and the 2D binary image. It is worth noting that the study considered
converting the actual pixels of the image to micrometres. The RGB-SBM image pixel area was 25570,
and the conversion to an area micrometre yielded 1790M?2.

A similar segmentation algorithm for the oil-based mud (OBM) was conducted; The image
filter cake was imported and segmented using the embedded segmentation app, the RGB image was
converted into grayscale using the im2gray function and finally into a 2D binary image using the
thresholding function. The threshold intensity of 90 used for the SBM was maintained for the OBM
image processing; the colour threshold exposed a 3D dispersity of particles [39] in the OBM filter cake
as shown in Figure 6b. Notwithstanding, the entire area pixel of the filter cake was 24,846 whereas the
micrometre’s area was 1739M?2. However, the analysis for this study focused on the 2D binary image
and the 3D scattered particles; the binary image from Figure 6a and 6b explains, comparatively, that
the SBM-binary had considerable amounts of white portions compared to the OBM-binary, which in
effect means it had a greater tendency for increased permeability than the black portions, which tends
to impede flow. Remarkably, the 3D scattered plots depict more flow accessibility [72] for SBM than
that of the OBM; this analysis was based on a standard thresholding intensity of 90 for both filter cakes
to avoid computational biases and with the assumption that the cakes taken were of the same image
quality. Figure 9 represents the area of void spaces in micrometres for SBM and OBM.
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Figure 9. Comparative area of void spaces in synthetic-based and oil-based filter cakes

3.3. Flow Index Single-Objective Optimization

The optimal solution with a genetic algorithm for this single extrapolated objective in Eq. 8 based
on Eq. 5-7 resulted in x=0.6940 and y=5.0536e-10. Though the computation was satisfactory at the
optimum constraints given in Eq. 9 and 10, the objective function was not feasible at a non-decreasing
value. As indicated in Figure 10, the visual representation of the optimal solution demonstrated a
possible fluid flow at the sharp edges of the graph, meaning that, while oil is possibly recoverable from
formation damage, the edges of the ceramic disc would turn to give way to flow at a minimum induced
pressure and a longer period. However, the analysis drawn indicates that the distribution of cake
particles on the ceramic disc is quite uneven, thereby contributing to the solution of the extrapolated
objective function.

200
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Figure 10. 3D Single-Objective modelling for filtration optimisation (a, b) optimal objective solution (c)
trace of local maximum

Algorithms from Google TensorFlow with emphasis on Keras architectures from Sequential APIs
focused on importing the initial extrapolated objective with the available experimental dataset to
optimize the flow index. The object-based and other computed solutions were matched with the deep
neural network optimal solution to satisfy the best model. Figure 11a and 11b show a scattered flow
index response from its target in linear and non-linear regression with probability. The trained and
tested data based on the extrapolated model and after several tweaking indicated a final loss of 4.8
given that the trained models were optimized using Adam optimizer at a learning rate of 0.01.
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Figure 11. Neural-Single-Objective Optimization (a) linear (b) non-linear

The overall computational flow optimization analyses are shown in Table 3 to aid flow index
optimization in filter cake conclusions.

Table 3. Neural-Image-Objective Modeling Analyses

Computation-Property | Model Optimization

Artificial Neural Network (ANN-FF) 0.99956 cc

Non Artificial Neural Network (Non-ANN-FF) 0.99503 cc
Image Processing (Synthetic Based Muds) 1790M?2.
Single-Objective ( f(x,y) = x?-y> —2-x-y>+3-y*)|  0.6940, 5.0536e-10
Deep Neural Network (DNN)-Final loss 4.8

4. Conclusions

This study introduces an automated method for computing rheological properties” high-frequency
data, specifically designed for individuals without programming experience. Utilizing the novel
approach of Neural-image-objective processing optimization, this technique predicts, monitors, and
verifies the required algorithm. As a result, managers, operators, and engineers gain a deeper
understanding of these tools, leading to more precise decision-making. The following conclusions are
derived from the computations, as demonstrated in Table 3.

¢ Neural Networks;

By incorporating the feedforward function into the artificial neural network, the prediction of specific
rheological properties was significantly improved. Specifically, when considering PV, AV, and YP, the
accuracy reached an impressive 0.99 with 10 and 12 neurons. The non-ANN-FF model for rheological
parameters exhibited an even better correlation efficiency of 0.99. The flow index, a property of
particular interest for prediction, was focused on and iterated with 10, 12, and 18 neurons. This
resulted in an accuracy of 0.97, making it an exceptional parameter compared to other neurons and
models, as evidenced in Figure 8b. However, the automation of this number of neuron-driven flow
indexes significantly contributed to effective predictive analysis. In addition to MATLAB's artificial
neural network nftool, Google TensorFlow was employed to develop a deep neural network. The goal
was to minimize the error function using the Adam algorithm, which ultimately led to a final loss of
4.8. This achievement indicated the successful attainment of the flow index with the study’s objective.

¢ Image Processing;

Separate investigations into oil and synthetic-based mud filter cakes were conducted. Automating
the visual pore structures of the two cakes indicated that the oil-based mud, with an area of 1739M2,
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had fewer pore spaces as compared to the synthetic-based mud, whose area of pore spaces was
1790M?2. There is an acceptable degree of erroneous image binary that emanates from the light intensity
captured with the cameras in Figure 6a and 6b. The supposed area of void spaces could have been
fairly eliminated or reduced if the images from the cameras used had a considerable amount of light
intensity. Despite the pitfalls in processing, the image processing in a further probe revealed that
the synthetic-based mud had an effective flow and good permeability. By using this constructive
predictive analysis, the computational analysis conducted in this study using an image processing tool
from MATLAB carefully reduces the time spent in the laboratory for designing effective mud.

¢ Objective Optimization;

The single-objective optimization for maximizing filtration volume at this stage of the analysis validated
the experimental data, where longer periods (61 hours) were attained to recover oil from the treated
filter cakes in the carrier cell. Despite objective approximations being far more considered and having
impeded flow at the centre, however, the optimal solution for the simulation was at x = 0.6940 and
y = 5.0536e-10. The solution based on a genetic algorithm further concludes that the formation for
recovering oil from the treated cakes is damaged. However, it also explains that the composition of the
chemical solution for treatment might be at its minimum and suggests improving eco-friendly filter
cake wash. The quantities of nanoparticles for the formulation of the filter cake treatment solution
could be minimized in grams to reduce the overlaying particles on the existing cake thickness.

In a nutshell, this research offers hybrid non-programming tools from MATLAB to define better
fluid rheology and permeability predictions, which are easily accessible at the drilling site. Managers
who are challenged with difficult predictive analysis and big data can use these non-programming
tools to make and enforce the right decisions. However, further optimization for these findings could
be extended for flow index predictions, computing CFD-DEM, and multiple-objective analysis, thereby
making other exempted rheological parameters useful.
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ANN  Artificial Neural Network

DNN  Deep Neural Network

CFD  Computation Fluid Dynamic

APIs  Application Programming Interfaces

API American Petroleum Institute
CC Coefficient Correlation

Ccv Coefficient of Variation Interfaces
FI Flow Index

GS Gel Strength

PV Plastic Viscosity

AV Apparent Viscosity

YP Yield Point

HSV  Hue saturation value

RGB Red, green, blue

OBM  Oil-based Mud

SBM  Synthetic-based Mud

GA Genetic Algorithm

SOO  Single Objective Optimization
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