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A data-driven soft sensor is a sensor that uses data from available online sensors
(such as temperature, pressure, and flow rate) to forecast quality attributes that
cannot be monitored naturally or can only be measured at a high cost,
infrequently, or with long delays. Oil refineries use control systems, which are
connected to PLCs or distributed control systems (DCS). The DCS system is the
unit responsible for attaining and providing such data as daily reports for the
process, to construct soft sensors utilizing past data from the laboratory
observations/measurements and processes data. To determine the quality of
crude oil, one can consider the prolonged in-depth laboratory-based tests or the
rather expensive approach of online analysers. Implementing light naphtha
product quality criterion measurement is surrounded with several essential
concerns such as missing data, detecting outliers, selecting input variables and
training, validating and maintaining the soft sensor which must be addressed
and delt with beforehand. Hence, obtaining heavy-duty soft sensors for oil
refineries remained a challenge which in return makes it difficult to improve the
end product while simultaneously increasing production.

The adaptive neuro-fuzzy inference system, a hybrid soft computing technology
combining a fuzzy logic system (FLS) and a neural network (NN), was used to
develop a virtual sensor adaptive neural fuzzy inference system (ANFIS) in this
research. Rough set theory (RST) and its discretization approach were used to
minimize the fuzzy rule sets and redact characteristics of the decision table
attributes. It was then used to create the soft sensor modelling for ANFIS, while



using the discretization method helped in converting continuous data into a
comprehensible data mining format that can be used for data mining. This
research is aimed at monitoring and controlling light naphtha production by
examining the American petroleum institute gravity (API gravity) and Reid
vapour pressure (RVP) variables in real time. It further aims at breaking the
privacy barriers between the oil industries as well as soft sensor modelling for
data source interpretation to predict APl gravity and RVP in real time for crude oil
unit's top splitter in the refinery. By comparing the prediction models to other machine
learning techniques, with regard to the proposed prediction model, the root
means square error improved to be 0.019 for RVP prediction model and 0.4137
for API prediction model and the determination of correlation yield satisfactory
results with value of 0.96 for RVP prediction model and 0.99 for API prediction
model, the model has been proven to be accurate, and the simulated soft sensor
model has been employed as feedback for the cascade PID controller.

Whether for operator information, cascaded to base-layer process controller, or
multivariable controllers, the proposed virtual sensor model can competently
replace the actual online analyser. The objectives of this research were realized
by the optimization of the controller of the splitter in the crude distillation unit
of the AlDoura Oil Refinery's crude distillation unit. The ability to translate the
expert's knowledge into the created model using the gaussian membership
function, as demonstrated by the ANFIS model, results in excellent
generalisation ability. It has been determined that the Al Doura oil refinery's
real-time process was explored, and the data received from these two sources
was used to expand the information provided by the data collected. Feedback
measurement values from a cascade controller positioned at the top of the
splitter in a rectifying section's crude distillation unit (CDU) are used to
determine each response variable.

A steady-state control system was achieved through the incorporation of an
embedded virtual sensor into the suggested adaptive soft sensor paradigm. For
the oil refinery's quality control, a cascade ANFIS controller and a soft sensor
model were used in the predictive control system's implementation to keep the
distillate product's purity within the stipulated range. Overshoots and
undershoots are eliminated in the proposed ANFIS-based cascade control
compared to the conventional proportional-integral-derivative (PID)-based
cascade control. The rise time and settling time are also significantly improved
by 26.65 percent and 84.63 percent. Results from other machine learning
techniques are also compared to those from the prediction and control models.
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PEMODELAN PENDERIA LEMBUT YANG CEKAP DALAM KAWALAN
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Pengerusi : Profesor Madya Ir. Mohammad Lutfi bin Othman, PhD
Fakulti : Kejuruteraan

Penderia lembut dipacu data ialah penderia yang menggunakan data daripada
penderia dalam talian yang tersedia (seperti suhu, tekanan dan kadar aliran)
untuk meramalkan atribut kualiti yang tidak boleh dipantau secara semula jadi
atau hanya boleh diukur pada kos yang tinggi, jarang atau dengan kelewatan
yang lama. Penapisan minyak menggunakan sistem kawalan, yang
disambungkan kepada PLC atau sistem kawalan teragih (DCS). Sistem DCS
ialah unit yang bertanggungjawab untuk mencapai dan menyediakan data
seperti laporan harian untuk proses, untuk membina penderia lembut
menggunakan data lepas daripada data pemerhatian/ukuran makmal dan
proses. Untuk menentukan kualiti minyak mentah, seseorang boleh
mempertimbangkan ujian berasaskan makmal mendalam yang berpanjangan
atau pendekatan penganalisis dalam talian yang agak mahal. Melaksanakan
ukuran kriteria kualiti produk naphtha ringan dikelilingi dengan beberapa
kebimbangan penting seperti kehilangan data, pengesanan outlier, memilih
pembolehubah input dan latihan, mengesahkan dan mengekalkan sensor
lembut yang mesti ditangani dan diselesaikan terlebih dahulu. Oleh itu,
mendapatkan penderia lembut tugas berat untuk penapisan minyak kekal
sebagai cabaran yang sebaliknya menyukarkan untuk menambah baik produk
akhir sambil meningkatkan pengeluaran pada masa yang sama. Sistem inferens
neuro-fuzzy adaptif, teknologi pengkomputeran lembut hibrid yang
menggabungkan sistem logik kabur (FLS) dan rangkaian saraf (NN), telah
digunakan untuk membangunkan sistem inferens kabur saraf adaptif sensor
maya (ANFIS) dalam penyelidikan ini. Teori set kasar (RST) dan pendekatan

il



pendiskretannya digunakan untuk meminimumkan set peraturan kabur dan
menyunting ciri atribut jadual keputusan. Ia kemudiannya digunakan untuk
mencipta pemodelan sensor lembut untuk ANFIS, sambil menggunakan
kaedah pendiskretan membantu dalam menukar data berterusan kepada
format perlombongan data yang boleh difahami yang boleh digunakan untuk
perlombongan data. Penyelidikan ini bertujuan untuk memantau dan
mengawal pengeluaran nafta ringan dengan memeriksa pembolehubah graviti
institut petroleum Amerika (graviti API) dan tekanan wap Reid (RVP) dalam
masa nyata. la seterusnya bertujuan untuk memecahkan halangan privasi
antara industri minyak serta pemodelan sensor lembut untuk tafsiran sumber
data untuk meramalkan graviti APl dan RVP dalam masa nyata untuk
pembahagi teratas unit minyak mentah dalam penapisan. Dengan
membandingkan model ramalan dengan teknik pembelajaran mesin yang lain,
berkenaan dengan model ramalan yang dicadangkan, ralat punca bermakna
kuasa dua bertambah baik menjadi 0.019 untuk model ramalan RVP dan 0.4137
untuk model ramalan API dan penentuan hasil korelasi hasil yang memuaskan
dengan nilai 0.96 untuk model ramalan RVP dan 0.99 untuk model ramalan API
, model tersebut telah terbukti tepat, dan model penderia lembut simulasi telah
digunakan sebagai maklum balas untuk pengawal PID lata. Sama ada untuk
maklumat pengendali, dilantunkan kepada pengawal proses lapisan asas, atau
pengawal berbilang pembolehubah, model penderia maya yang dicadangkan
boleh menggantikan penganalisis dalam talian sebenar dengan cekap. Objektif
penyelidikan ini direalisasikan melalui pengoptimuman pengawal pembahagi
dalam unit penyulingan mentah unit penyulingan mentah AlDoura Oil
Refinery. Keupayaan untuk menterjemah pengetahuan pakar ke dalam model
yang dicipta menggunakan fungsi keahlian gaussian, seperti yang ditunjukkan
oleh model ANFIS, menghasilkan keupayaan generalisasi yang sangat baik.
Telah ditentukan bahawa proses masa nyata penapisan minyak Al Doura telah
diterokai, dan data yang diterima daripada kedua-dua sumber ini digunakan
untuk mengembangkan maklumat yang diberikan oleh data yang dikumpul.
Nilai pengukuran maklum balas daripada pengawal lata yang diletakkan di
bahagian atas pembahagi dalam unit penyulingan mentah (CDU) bahagian
pembetulan digunakan untuk menentukan setiap pembolehubah tindak balas.
Sistem kawalan keadaan mantap telah dicapai melalui penggabungan penderia
maya terbenam ke dalam paradigma penderia lembut adaptif yang
dicadangkan. Untuk kawalan kualiti kilang penapisan minyak, pengawal
ANFIS lata dan model penderia lembut digunakan dalam pelaksanaan sistem
kawalan ramalan untuk memastikan ketulenan produk sulingan dalam julat
yang ditetapkan. Overshoot dan undershoot dihapuskan dalam kawalan lata
berasaskan ANFIS yang dicadangkan berbanding kawalan lata berasaskan
proportional-integral-derivative (PID) konvensional. Masa naik dan masa
menetap juga meningkat dengan ketara sebanyak 26.65 peratus dan 84.63
peratus. Keputusan daripada teknik pembelajaran mesin lain juga
dibandingkan dengan hasil daripada model ramalan dan kawalan.
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CHAPTER1

INTRODUCTION

1.1 Overview

After providing a brief overview of the study's background, which focused on
advanced control systems in oil refineries that utilized machine learning
algorithms as the soft sensor concept in order to predict the quality of light
naphtha in oil refining, this chapter presents the research problems and research
objectives pertaining to the aforementioned issues. Following that, a thorough
explanation of the scope of this study with respect to soft sensors of advanced
control systems in refining processes is provided. A last section of the thesis
outlines how it will be organized.

1.2 Study Background

In industrial environments, it is common to employ a number of different
sensors. Online quality monitoring of compositional factors, on the other hand,
can be accomplished with sensors that are less reliable and accurate in nature.
The sensors' primary goal is to provide data for process monitoring and control,
as well as plant process control. (Kadlec, Gabrys, & Strandt, 2009). The study's
objectives are to improve data quality while also reducing redundancy. Methods
such as data mining and machine learning were used to assist in the
investigation of the data.It is not enough to rely solely on technology to maintain
a competitive advantage. Knowledge of human brains, sustainable ingredients,
procedures, and company experience is essential. As a result, the gathering and
analysis of data is critical for these approaches. (Wang, 2007). Real time process
sensors, such as temperature, flow rate, and pressure sensors, are used in
industrial processes, and interpretation sensors are also used in some of these
processes. It is common for a data historian to be associated with a process
machine, as it collects and maintains historical data during the course of the
process. There are some quality elements, in particular, that do not have online
sensors due to the fact that the sensors are either too expensive or too unreliable.
It is assumed that product quality attributes are operational and can be
calculated in real time, together with other processing variables. (Devogelaere
et al., 2002).

The introduction of new process control methodologies has a substantial impact
on every aspect of process management and control. The advancement of
control theory, the introduction of new adjusting techniques, current actuators,



smart sensors, and the introduction of sophisticated processes all present new
challenges. In order to demonstrate better productivity and conformity with
rules, manufacturing plants are subjected to stringent controls regarding
product quality and pollutant emission levels.

Small industries, such as water treatment plants, power stations, and irrigation
systems, are controlled by SCADA /PLC systems. The SCADA system is often
used in the management of industrial processes. In this research, the distributed
control system (DCS) is discussed and demonstrated to aid the development of
soft sensors for oil and gas refineries. (Morsi & El-Din, 2014).

Traditional and cutting-edge control technologies are employed in the refinery
process control of petroleum. The conventional technique makes use of small
microcontrollers with low input/output needs. Across extensive environmental
area, PLCs, SCADAs, and DCSs are used to control activities involving a diverse
set of process variables. (K & Shivappa, 2013).

DCS is used by the vast majority of refinery control systems. Processes are then
subdivided and controlled locally by boxes or process managers (PMs) which
further helps in the isolation of specific sections during the events of refinery
malfunction. Boxes can handle information transfer between systems, sensors,
and actuators, including all necessary conversions in A/D and D/ A converters.
A local control network (LCN) connects workstations with cutting-edge control,
supervision, and optimization technologies. An interconnection exists between
the distribution system and the plant information system (PIS) server, such that
the latter can store historical data for refinery’s performance monitoring and
optimization. (L. Fortuna et al, 2002). The crude oil distillation tower is
responsible of the petroleum separation process. Later, in pre-production units,
the products are refined and blended with other industrial products such as oil
and diesel. Distillation towers separate the elements, and optimizing the control
of the distillation towers lifts the quality of the end product. (Macias-Hernandez
et al., 2007).

Fractionation, conversion, processing, formulation and mixing, and other
refining procedures, such as light-end recovery; sweat removal; solid waste;
waste process water and wastewater treatment; cooling; storage, handling, and
transportation of materials; water electrolysis; and acid treatment are all
examples of refining procedures. Among the many modern approaches to treat
petroleum, there are separation (distillation, solvent refinement), convection
(carbon removal, hydrogen addition), reforming (catalytic processing,
reforming of steam/hydrocarbon), rearrangement (isomerization), mixture
(catalytic polymerization), alkylating (treatment, curing and mixing of gasoline



and diesel; lubricants and waxes, asphalt), and oil preservation (preservation by
oxidation) (wastewater treatment, disposal of solids, sulphur recovery).
Distillation columns are physically equipped with several features that are
either utilized to convey heat or to facilitate mass transmission. Vertical
separation of the components is achieved through the use of trays or plates, and
a boiler heats up the column from the bottom up, resulting in condensing the
vapour from the splitter column.

A real-world oil project to build a light naphtha processing facility in order to
boost the utility value of control systems served as the basis for this
investigation's distillation splitter column computation. The splitter column has
a nominal capacity of 24 000 kg/hr of light naphtha, which is approximately six
percent of the entire product. When the operation of the system is 24 hours a
day and 350 working days a year is taken into consideration, any proposed
control sensing system must be well designed and durable enough to withstand
such demands. The determination of the processing of light naphtha product is
mainly dependent on the purity of the distillate, Xp in the range equal to 96% to
98% and the impurity, Xp similar to or less than 2%.

These two ranges for purity and impurity serve as a reference point for
developing any sensor system. (Brno, 2010). Hence, this research will focus on
the industrial processes associated with petroleum productions and developed
the modelling of soft sensors. The investigation will begin by listing the details
of virtual sensor construction, especially in an oil refinery as this industry
contributes more effectively to the local revenue of Iraq and other oil countries.

An energy balanced (feeding rate, reflux rate, product withdrawal rate)
structure control system for a splitter distillation column has been developed as
the basis for the construction of a computational model and simulation. A
petroleum project's feasibility assessment and design can benefit from
simulation and analytic findings at the outset. (Minh & Abdul Rani, 2009) The
integration of design, production, marketing and management in the chemical
sector of all products and process development chains must be adapted to
modelling and simulation (Balazs Balasko et al., 2014). Sensors are used in every
industrial site to keep track of everything that is going on. Because the sensor
output gives only objective information about the production processes, their
reliability is critical. (Wang, 2010).

Refineries, chemical plants, cement plants, power plants, pulp and paper mills
and other similar facilities all rely on soft sensors. SFD is a well-known feature
of soft sensors that can be utilized in conjunction with physical sensors and
industrial processes for the identification of process faults. Other characteristics



of soft sensors include their ability to be implemented quickly using plant
hardware and real-time data estimation. Mechanical, statistical, and artificial
modelling techniques can be used to model soft sensors in industrial processes.
The data-driven approach is used in order to establish correlations between
primary and secondary variables in data sets (e.g., quantitative, artificial
intelligence). Because of the ambiguity and complexity of industrial processes,
mechanistic modelling has been therefore ignored. (Jianxu & Huihe, 2002). Soft
sensors are not only affordable, but they may also be used in conjunction with
real sensors, replace it when a flaw occurs or during the events when the sensor
is sent for repair/maintenance.

The quality of the data collected determines the performance of soft sensors.
Historical plant databases stores information that is frequently required for
purposes other than modelling. Software-defined sensors are intended to give
additional information for process control online. Soft sensors are intended to
engage in active monitoring and supplement physical sensors for process
management by providing additional information in real time. (Kadlec et al.,
2009). Embedded computer sensors can be used to measure target’s variables
values of product quality. These smart sensors are designed using intelligent
computer techniques, where objective criteria such as product quality are linked
to online process variables (Bakhtadze et al., 2008).

Computer and networking technologies, as well as new data collection
techniques employed in industrial organizations, have resulted in massive,
automated databases containing information with regards to manufacturing
processes, products, and machinery. Possible patterns in the parameters that
control an industrial process or a product's quality can be established from
such data. (Sadoyan et al., 2006).

The availability of consistent data that can be depended upon is quite limited.
Miscalibration problems, measurement errors, and computer interface issues
are all factors that contribute to inaccurate process variable samples taken by
analysers and erroneous laboratory measurements. It is possible that outliers
and measurement errors will lead the data to become distorted. Therefore, a
number of considerations must be taken into account while developing and
deploying real-time sensors. (Liu, Srinivasan, & Selvaguru, 2008).

All the operational procedures and process are dependent on the set values of
these variables with difficulty being in how to determine the individual impact
and the influence as a whole on each process. Such processes include backup
device measurement, real-time plant control prediction, sensor validation and



failure detection methods. Due to the complexity of industrial processes, it is
difficult to compile historical data.

The sheer volume of data collected may make it difficult to discern the various
elements that could influence plant operations. Dimensionality, noise, precision,
redundant and erroneous values, selection flaws as well as recording techniques
all contribute to the difficulty of data mining. Extensive knowledge of data-
driven soft sensor modelling is therefore required, such asinput variable
selection, system order, operational range, time delay, nonlinearity, and
sampling rates. These characteristics are critical to model designers. Soft sensors
are frequently employed in inferential control systems in the industrial setting.
In addition to measuring device backup, soft sensors are also used for
supporting measuring device, real-time monitoring and control estimations,
sensor validation, error detection and diagnostics as well as IF-then analyses.
(Luigi Fortuna et al., 2007).

1.3 Research Hypothesis

Data mining, machine learning strategies, such as neuro-fuzzy based rough set
theory (RST) as well as computing techniques and quantile discretisation will be
adopted to design and develop soft sensor model aims to improve the
performance of DCS in oil refineries throughout supporting physical sensors
and calculate the value of quality metrics (API and RVP) of light naphtha which
is continuously produced in oil refinery. Choosing the optimum methods for
filtering and pre-processing the collected data from the process variables
database in the control system of oil refinery will contribute to the reduction of
the prediction model’s complexity. Real-time prediction of the quality metrics
of a product shall enhance the overall performance of control system and
improve its stability.

1.4 Problem Statement

Oil refineries are sophisticated processes that can continue to operate 24 hours
a day, and often throughout the year. The degradation of sensors and
instruments may have an impact on the product quality. In addition to
determining real time quality indicators, predictive models can assist physical
sensors in maintaining their predictive ability. Computers, embedded systems,
and machines must recognize and grasp the relationships between process
variables in order to imitate human behaviour within the processing system.



In addition to changing data owing to variations in feedstock and alterations to
process conditions and working environment, one of the disadvantages of soft
sensors is the inability to adapt to fit different scenarios. It is noteworthy that
proportional-integral-derivative (PID) controllers and cascade PID controllers
are widely utilized in most manufacturing processes, including predictive
control, adaptive control, and expert control, when compared to modern control
systems in most manufacturing processes.

However, in the crude oil distillation industry, PID control techniques or
enhanced PID controllers via nonlinear function block have shown to have
limitations.

These performance constraints are caused by the differences in the chemical
characteristics of the crude oil that is supplied into the unit. The inability of
controllers such as the cascade PID controller to cope with the changes in the
variables in the CDU is of a significant problem.

Soft sensor modelling, on the other hand, faces a number of hurdles, including
the sophistication, nonlinearity, and data quality issues associated with
industrial processes. It is critical to transmit data between industries in order to
establish a robust and efficient soft sensor, as well as to break through privacy
barriers to improve overall industrial support.

Soft sensing with shifting feedstock continues to be a concern for a crude oil
distillation tower, especially as the control process factors alter over time.
Despite the fact that process variables are straightforward to calculate,
measured quality variables are complex and vary depending on the type of
crude oil being processed.

The types of crude oil available from different vendors differ. Even crude oil
from the same supplier can have varying amounts of hydrocarbons in it,
according to the manufacturer. In addition, multiple refineries operate using a
variety of crude oil sources blended in a variety of ratios to produce finished
products. Oil refineries suffer from a lack of uniformity in their products, which,
according to laboratory testing, has an impact on the finished goods.

A dearth of literature that investigates soft sensors in oil refineries and
associated control systems, as well as a lack of data sharing within businesses,
are additional issues. According to the findings of the literature research and
conference papers, there are numerous limitations to the models employed in



various sectors. The limitations can be summarized to: the improved model with
limited data, the difficulty in maintaining some models of soft sensors or manual
maintenance, a lack of data in some industries that results in the use of only
models that require a small number of data, the complexity and nonlinearity of
operating the models, as well as the privacy of data sharing with industry.

1.5 Research Objectives

Through the use of data mining and supervised machine learning approaches,
this research attempt to envision the oil refinery control system, which will help
to solve the challenges outlined above in greater detail. This is accomplished
through mining of the obtained and reduce the affected variables in the
production of light naphtha by utilizing RST after the discretization of
continuous sensor readings. Neural networks can be used to identify new
patterns of data in order to pre-process input in fuzzy systems and
therefore improve fuzzy-system response to fresh input data.

Both neural networks and fuzzy inferential systems are used as sensors to
forecast the Reid vapour pressure (RVP) and American Petroleum Institute
(API) metric for light naphtha. The soft sensor design improves the control
system for reflux cycling at the top of an oil refinery's splitter tower. The targeted
activities to be achieved are as follows:

To enhance the quality of data and system controls by merging the decision
tables obtained from soft computing model of different sources (of different
parties) with the case studies' database.

To develop a soft sensor model that uses hybrid neuro-fuzzy-RST soft
computing methodology and quantile discretisation method in an oil refinery
control system for predicting and forecasting the quality of cuts (fractions) of
light naphtha and adopting the model for processing data of refining light
naphtha.

To validate the neuro-fuzzy-RST-based soft sensor model through comparison
with regression and machine learning models as well as simulating the adaptive
neuro-fuzzy inference system (ANFIS) soft sensor to support the physical sensor
in a cascade PID controller of the flow and temperature of the reflux ratio to the
head of the splitter in the oil refinery.



1.6 Research Scope

It is stated in the problem statement section that, in order for the soft sensor
model's output to stay correct, it must be capable of adapting to changes in the
regular data process. Several studies focused on a critical component of the
petroleum industry: the crude oil refining process. Higher-octane hydrocarbons
such as gasoline, light diesel, and lighter naphtha can be converted into lighter
hydrocarbons such as gasoline, light diesel, and heavier naphtha by the use of a
crude oil distillation machine. This unit is responsible for a significant portion
of the refinery's overall economic efficiency. Using these sensors, API gravity
and light naphtha's relative vacuum pressure could be monitored in real time.

Iraq refinery (Middle Refineries Co./Al-Doura refinery, Baghdad) units of two
separate crude oil sources were used to acquire primary data in order to
improve prediction accuracy, refinery specialists were approached to customize
the factors. In order to anticipate crude oil quality at distillation towers and to
improve the quality of soft sensor data based on the RST and discretion
approaches, soft computing technique has been created according to a case
study using the proposed model, the control system may be improved based on
information gathered to help different businesses work together better.
Demonstrates how well global smart data mining strategies work when they use
the same soft sensor modelling for multiple refineries.

This means that the primary issues for sectors using soft sensors are the ability
to use soft sensor modelling in harsh environments (such as oil refineries), the
lack of high-quality raw data and data changes following sensor shifts, and
feedstock degradability. There will be more cooperation between industries in
the future as manufacturing moves toward Industry 4.0. This will allow their
products to be more automated. Using algorithms for good and meaningful data
approximation, machine learning then determines or predicts.

Simulation the oil refinery requires working with an operating system model on
a computer, which evolves over time in order to better understand and refine
the system. MATLAB and Simulink platforms could mimic the behaviour of
their suggested soft sensor to adapt the light naphtha product using the C04
splitter top and imitate the model's effect to assist temperature and flow physical
sensors for maintaining control system stability.

During the research phase, the study ran into some obstacles. Due to Iraq's
reliance on petrochemical sectors, which affects the country's revenue, the
amount of collected data was restricted, making data analysis and mining more



difficult. Because of this, the quality of the collected data for API and RVP
dependent variables may suffer. The laboratory test method is limited to four
times per day rather than six times per day as indicated in the operation manual
and standard of the cut product test. The proposed model's prediction of light
naphtha response values is more reliable if the sensor readings are manually
established in the manufacturing processes rather than employing advanced
interface hardware systems to log sensor readings directly into soft sensor
modelling in MATLAB Software.

1.7 Thesis Outline

In Chapter 1, the problem of predicting one of the first phases of crude oil
refining with various algorithms and theories is illustrated. A new soft sensor
based on the ANFIS, which uses various intelligent methods to increase
performance modelling of the soft sensors, is recommended. The sensor is
developed in MATLAB, a simulation system to evaluate the functioning of the
algorithm. In addition, different environments have been designed to assess the
strengths and benefits of the proposed model against existing approaches.
Similar assessment measures have been used to help the evaluation.

Chapter 2 presents a detailed study on current works of soft sensors and
machine learning techniques regarding the problem in predicting the quality of
products in complex manufacturing system environments.

Chapter 3 describes the research methodology in detail. Different empirical and
intelligent methods used in the study to reach the research objectives are
specified.

Chapter 4 presents the results of the study. Detailed discussion about the
proposed algorithm, performance analyses, and comparison outcomes are
provided with supplemented charts, graphs, and tables.

Chapter 5 concludes the results of the study with additional graphs and
discussion. Furthermore, the research contributions are outlined and
recommendations for further studies in this area are given.
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