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CHAPTER 1 INTRODUCTION

1.1. Background

Multi-phase flow refers to the concurrent motion of multiple phases, including natural
phenomena like rain, snow, and fog, as well as the flow of gas and liquid within pipelines.
Nevertheless, the dynamics of multi-phase systems are far more complex than those of
single-phase systems because of the differences in phase distribution, resulting in unique
flow patterns or regimes [1]. Many factors and forces affecting fluids determine the class

of flow pattern at any point in the pipe.

Many variables influence the flow patterns and pressure drops that occur at specific
points in the pipe. The flow factors considered, in addition to pipe diameter, deviation
angle, and volume fluxes, include turbulence, surface tension forces, buoyancy, and inertia.
Accurate multiphase flow pattern estimation can lead to exact pressure drop forecasting in
pipelines. Visual inspection is commonly used to recognize flow patterns; however, using
visual inspection in industrial applications to monitor flow patterns and recognition during

unstable flow conditions is complex and impractical[2].

1.2. Motivation

The flow pattern maps and equations lack enough accuracy with high relative error (20 to
30%) [3], which raises the need for an accurate and reliable method for identification of
the flow patterns and pressure drop. In this manner, developing precise drop predictions of
pressure is vital in transporting, processing and production of hydrocarbons from oil and

gas fields.



1.3. Objectives

The primary objective of this research is to model and control the pressure drop in a system
that involves the flow of multiple phases. The ultimate purpose is to establish a dependable
and effective network for extracting, transporting, and treating hydrocarbons derived from

oil and gas reservoirs.

The specific goals of the proposed research direction are as follows:

e To maintain a stable and optimal pressure drop within the system while adapting to
changes in the process dynamics. This can aid in the improvement of process
performance, the reduction of variability, and obtaining consistent product quality.

e Ensure that the process operates within the desired range, even under changing
operating conditions or disturbances.

e To analyze the impact of multiphase flow on the dynamic behavior of the process.

e To apply contemporary control techniques in developing an enhanced method for

ensuring system reliability.

1.4. Methodology

To accomplish the objective of the proposed work, the techniques are given as the

following main steps:

e Cleaning and analyzing pressure drop raw data. Eliminating undesirable
information from the dataset, including duplicate or irrelevant observations.
e Applying system identification techniques to come up with different system models

and comparing them to choose the best fit to our data.



e Carrying on advanced control methods to the system to check stability,
controllability, and observability.

e Utilizing Nonlinear PID (NPID) and sliding mode controllers (SMC) to ensure
optimal performance and product quality.

e Validating the efficacy of linear controllers in regulating the linearized system
model.

e Simulating the outcomes with simulation platforms such as MATLAB.

1.5. Thesis Organization

The thesis is structured into several chapters, each with a specific focus and purpose.

The initial chapter serves as an introduction, offering a summary of the research subject
and delineating the study's objectives. It encompasses a concise background of the research
issue and its importance, along with an exploration of the motivation behind the study, An

overview of the research methodology and a summary of the study's scope.

The second chapter comprises a literature review, presenting an in-depth examination of
the current body of literature concerning pressure control in a multi-phase flow system.
This chapter critically evaluates pertinent literature, illuminating strengths and weaknesses

in prior studies and identifying gaps that the current research seeks to fill.

The third chapter is the system identification, which outlines some identification
techniques that deriving dynamic process models by using process test data. This chapter
also includes a discussion of the methods used and provides high model precision within

the examined operational span.



The fourth chapter centers on the design of a nonlinear controller. This chapter offers a
thorough elucidation of the construction and execution of an adaptable PID Controller and
Sliding Mode Controller (SMC) for the nonlinear Hammerstein model. Furthermore, it

encompasses an evaluation of their accomplishments and constraints.

The fifth chapter of the book delves into the process of designing a linearized control, with
a specific focus on the linearized model and its corresponding controller architecture. The
chapter discusses the utilization of linear PID, Linear Quadratic Regulator (LQR), and
Sliding Mode Controller (SMC) for designing control systems for the linearized model. It
also explores the distinctive characteristics of each controller. The linearized model is a
simplified representation of a nonlinear system that is utilized for the purpose of control

design.

The concluding chapter serves as a summary, encapsulating the key discoveries of the
study and exploring their implications for subsequent research. It additionally offers

recommendations for future research endeavors and a discussion on the limitations.



CHAPTER 2 LITERATURE REVIEW

2. Literature Review

2.1. Introduction

In various industries, including oil well drilling [4], [5], multistage fracturing[6], and
transportation of hydrocarbons [7], pipes with circular cross-sections are commonly used
for multiphase flows. Two or more phases, such as liquid, gas, or solid, are moving in these
fluxes. The distribution of phases at each pipe cross-section determines the flow patterns,
and they are differentiated by the proportion of each phase and the assumption of equal
pressure throughout phases [8]. Within a specific cross-section of a pipe when many phases
are flowing, it is commonly assumed that the pressure is consistent throughout all phases.
However, the flow pattern is influenced by the physical configuration of the phases. Liquid
holdup is the term used to describe the quantity of liquid present in the combination. The
forces exerted by other fluids or the conduit wall determine the flow regime, and the flow
pattern has a substantial effect on the local pressure gradient. Therefore, to determine the
pressure gradient and overall pressure reduction, it is critical to assess the flow regimes and
volume fractions across the pipeline. Numerous investigations have investigated pipeline

modeling of multiphase flow [7].

A segmentation method and numerical algorithm are employed to ascertain the pressure
distribution within a pipe. In multiphase flow, both the flow pattern and pressure gradient
exhibit variations over the pipe's length [8]. In order to account for this unpredictability, it

is crucial to partition the entire pipe into distinct segments. In each segment, the flow



regime can be regarded as uniform, with a roughly consistent pressure gradient. The
numerical technique computes the pressure gradient within each segment at every step,

employing multiphase flow correlations and mechanistic models as standard tools.

Correlations derived from laboratory experiments, notably are [9]-[11], and others, are
extensively employed. Several studies examine the constraints of these multiphase flow
correlations, affirming that each correlation is only applicable within particular ranges of
input parameters in order to obtain findings of satisfactory precision. In addition, a
multitude of mechanistic models that integrate semi-empirical closure relations are
frequently employed in order to forecast diverse characteristics of multiphase flow. with

general examples being [12]-[14], and others.

The Leda Flow Point model [15] and OLGAS [16] are two very accurate multiphase flow
models that are widely recognized for their ability to calculate pressure drop. These models
serve as steady-state equivalents to relevant transient simulators. It is crucial to emphasize
that this inquiry excludes the analysis of temporary occurrences in the flow of many phases
in pipes, such as the slug flow regime. Transient multiphase flow models, including OLGA,
Leda Flow, and some proprietary research codes(e.g., [17]), are effective in capturing such

phenomena.

Simulating transient flow regimes, such as slug flows, which are characterized by moving
boundaries on dense meshes, is computationally demanding. This creates an opportunity
for acceleration through meta-modeling and machine learning. However, it is important to

note that pursuing this approach would require a separate and dedicated study.



The review of literature reveals the utilization of machine learning (ML) algorithms in
predicting pressure gradients and directly estimating pressure outputs. In [18] the authors
employed an Artificial Neural Network (ANN) to predict bottomhole pressure. Conversely,
[19] utilized an ANN to forecast bottomhole pressure but recommended well segmentation

and identification of flow regimes within each segment for improved accuracy.

During drilling operations, the drilling process takes place within a specific pressure range
known as the confined pressure window. This pressure window is determined by the

fracture pressure (Pr.qc) and the reservoir pressure (B..s). Ensuring the bottomhole

pressure (P,;) remains within this range is essential for both safety and efficiency [20]. To
achieve Managed Pressure Drilling (MPD), a small excess pressure is maintained to ensure
that the bottomhole pressure remains within the desired range of confined pressure. MPD
controllers encompass a spectrum of complexity, ranging from basic PID controllers to
more sophisticated models such as the nonlinear model predictive controller (NMPC). An
ODE-based PI choke pressure controller was introduced in a study [21]. This controller
successfully controls system states throughout routine operations such as drilling, pipe
extension, surge, and swab. In a separate study [22], utilizing a more straightforward
nonlinear system of equations, the pressure at the well's bottom was predicted.. In addition,
a choke controller utilizing feedback linearization was created to precisely regulate the
choke pressure to a preset setpoint value. Precise estimation of the frictional pressure is
critical for attaining the intended bottomhole pressure setpoint within the system.
Experimental implementation of the controller has demonstrated superior performance
compared to conventional PID controllers. In [23], a PID controller is suggested, with

tuning parameters chosen dynamically based on data and a cost function. By employing



feedback linearization, [24] devised a choke controller that integrates an adaptive observer
to estimate downhole measurements. [25] Proposed a resilient gain switching method to
enable automated operation of Managed Pressure Drilling (MPD) by maintaining a
consistent bottomhole pressure. In addition, [20] utilized a Nonlinear Model Predictive
Controller (NMPC) that was based on a Hammerstein Weiner model. This approach took

advantage of the constraint handling capabilities of NMPC.

An analysis of the process dynamics, system response, and system stability, which includes
the step response as well as the poles and zeros, has been conducted utilizing a data
experiment. The investigation primarily aimed to investigate the stability and
responsiveness of the suggested model, which utilized Auto Regression eXogenous (ARX)
and Auto Regression Moving Average eXogenous (ARMAX) models [26], [27].
Additionally, characterizing the dynamic behavior of a system using system identification
from data collected in Excel spreadsheet is done in [28]. This model was created using a
number of approaches, including the discrete time method[29] gain parameter[30], Laplace
transform[31], nonparametric identification[32], Hammerstein-wiener[33], ARX
identification[34], Heat transport and flow regimes during boiling [35], transient
analysis[36], bioinspired algorithm[37], Pressure drop in a two-phase flow [38],
approximating flow of two-phase patterns in horizontal pipes using ANN with nonlinear
normalization (namely logarithmic normalization) to appropriately measure data, which
improved prediction capability meaningfully[39], generalized poisons momentum

functional[40].



Al-Naser et al. [41] proposed a novel approach that employs artificial neural networks
(ANNSs) and three dimensionless parameters, specifically liquid Reynolds number, gas
Reynolds number, and pressure drop multiplier, to enhance the versatility of the model in
forecasting flow patterns in horizontal pipes. They also employed a preprocessing phase
that involved natural logarithmic normalization of a large dataset, resulting in significant
improvements in the accuracy of the predictions. In a separate study, Shanthi and Pappa
aimed to improve the precision of identifying flow patterns of two-phase through the use
of artificial intelligence techniques that rely on the characteristics extracted from images
of the flowing material. To achieve this objective, they utilized fuzzy logic and support
vector machines (SVMs) in conjunction with principal component analysis (PCA) [42].
Xiao et al. [43] formulated an artificial intelligence system that predicts the flow regime of
gas and liquid nanofluid in vertical mini-channels by combining fuzzy logic and support
vector machines with principal component analysis. Ribeiro et al. [44] conducted a study
utilizing artificial intelligence to predict pressure gradients in vertical pipes that involve

two or three-phase flows.

The classification of flow patterns into major and subcategories by numerous academics
led to the development of multiple flow pattern maps according to factors such as pipe
orientation, pipe diameters, and gas/liquid velocities. The four primary categories of
horizontal flow patterns in pipelines are stratified, intermittent, annular, and dispersed

bubble.



2.2. Multi-Phase Flow Experiment

According to [1], the researchers conducted experiments using an air/liquid system in a
horizontal flow loop that consisted of a 9.15 m (30 ft) pipe with a 0.0254 m (1 inch)
diameter to collect data. Figure 1 and 2 shows a picture and diagram of the experiment
used to collect the data. Surface tension was altered by adjusting the surfactant solution'’s
surface tension; calcium bromide was used to change density; and glycerin was used to
adjust viscosity. The range of superficial gas velocity is 0 to 18.288 m/sec (0-60 ft/sec),

while the range of superficial liquid velocity is 0 to 3.048 m/sec (0-10 ft/s).

To examine the existence of the hysteresis phenomenon, the gas velocity was altered during
the flow experiments by first increasing it from minimum to maximum value and then
decreasing it from maximum to minimum with fixing the liquid rate (constant liquid flow

rate). The steady-state condition was observed at each stage of the experiment based on the

pressure response and flow rate. Data was acquired in order to obtain sufficient data points.

Figure 1 Horizontal Flow Loop[1]
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CHAPTER 3SYSTEM IDENTIFICATION

3. System ldentification

3.1. Introduction

The prevalent approach in controller design involves the utilization of linear models.
Nevertheless, it is imperative to acknowledge that a significant proportion of chemical
processes exhibit nonlinearity. Consequently, it is essential to create a mathematical model
in order to simulate and regulate the system. This mathematical model serves as a
formalized representation, elucidating the intrinsic association between the process's input
and its corresponding output. The establishment of process models can be realized through
two primary methodologies: physical modeling, which involves the derivation of process
models grounded in fundamental principles, encompassing physical, chemical, and
biological laws. Process identification entails the derivation of dynamic process models
through the utilization of process test data. This method is frequently referred to as black-
box modeling, as it does not explicitly invoke physical principles in its approach. When

compared with physical modeling, the advantages of identification are:

e Encompassing cost-effectiveness in modeling
e High model precision within the examined operational span.

e The simplicity of a model structure.

Nonetheless, one drawback associated with identification is its limitation in characterizing

process behavior solely within the tested operational range.
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System identification is a powerful scientific tool used to understand complex systems and
their behavior. It involves the analysis and quantification of data gathered from a system
in order to build mathematical models that accurately represent the system's behavior. This
process enables scientists and engineers to better understand the underlying physical and
mathematical principles that govern the system and use this knowledge to make predictions

and improve its performance.

System identification finds extensive applications in various domains, including control
engineering, signal processing, robotics, and numerous other fields. By providing a deeper
understanding of complex systems, system identification plays a crucial role in advancing

scientific research and technological development.

It seems like many identification methods presume that input data can always be precisely
measured, but in reality, input data can be affected by noise, such as measurement noise.
Unfortunately, classical identification methods often do not take noise into account, which
can lead to invalid parameter estimation for identified models. This is especially valid when
both the input and output data are affected by noise. The errors-in-variables (EIV) model

acknowledges the presence of noise in both the input and output variables [45], [46].

In many chemical processes, it is commonly noted that nonlinearity is more prominent in
the steady-state gain rather than in the time constants. This characteristic renders such
nonlinear models particularly advantageous for the representation of chemical processes.
A notable benefit inherent to these models lies in their compatibility with standard linear
controller design methodologies. The capability of this methodology stems from its

strategic integration of its nonlinear inverse element into the control loop, which has the

13



potential to mitigate the static nonlinearity that is inherent in the process. The inverse
nonlinear function is situated at the process output in the Hammerstein model, whereas it
is at the controller output in the Wiener model. As a result, the controller functions solely
on the linear dynamic component of the process, allowing for the implementation of
traditional linear controller methods. A linear (PID) controller is utilized to regulate the
linear component, and its parameters are precisely modified utilizing the Internal Model

Control (IMC) methodology.

3.2.Neural Network-Based Model

3.2.1. Introduction

In recent years, the application of neural networks in various fields has expanded
exponentially, and one area that has witnessed significant progress is model identification.
Traditional model identification methods often rely on mathematical formulations and
assumptions that may not capture the complexities of real-world systems. Neural networks,
with their ability to learn complex patterns from data, offer a promising alternative for
model identification. This section delves into the creation and utilization of a model
identification technique based on neural networks. It outlines the outcomes of
implementing this method in a real-world scenario. Neural networks possess the capability
to accurately approximate nonlinear functions with a high degree of precision [47]-[50].
Different nonlinearities are introduced into a neural network when parameters are altered;
these nonlinearities are implemented on an error function via gradient descent. The
aforementioned function computes the disparity between the predicted output of a neural
network and the real output of a system with respect to specific pairs of input data or output

data, which are commonly known as training data. [51]-[53].
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3.2.2. Methodology

3.2.2.1. Collection of Data

In order to train the neural network for model identification, a dataset comprising input-
output pairs from the target system was collected. The dataset included 5 inputs and 1
output as well as a diverse range of operating conditions and disturbances to ensure the

neural network's robustness.

3.2.2.2. Neural Network Architecture

A feedforward neural network structure was selected due to its simplicity and efficiency in
capturing nonlinear connections. The structure consisted of an input layer, one or more
hidden levels utilizing activation functions, specifically the rectified linear unit (ReLU),
and an output layer. The determination of the number of neurons controlled in each layer
and the depth of the network was achieved through a systematic process of experimentation

and optimization.

3.2.2.3.  Training Procedure

The neural network was trained using a supervised learning approach. The dataset was
partitioned into training and validation sets using a random selection process in order to
assess the model's performance during the training process. The training process involved
minimizing a suitable loss function through backpropagation and gradient descent

optimization.
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3.2.3. Results and Discussion

MATLAB is used to create and train a feedforward neural network. The network design
comprises three hidden layers, each with 32, 64, and 128 neurons, respectively, each
employing the hyperbolic tangent sigmoid transfer function. The chosen training algorithm
is the scaled conjugate gradient descent (trainscg), although the Levenberg-Marquardt
algorithm (trainlm) is offered as an alternative. A training set containing 70% of the data,
a validation set comprising 15% of the data, and a testing set containing the remaining 15%
of the data comprise the dataset. Training parameters, such as the number of epochs,
minimum gradient, and maximum validation failures, are meticulously specified.
Following the training phase, the network is evaluated using the provided input data and
the performance is assessed. Additionally, there are commented-out sections for viewing
the network architecture, saving the trained model, and generating a Simulink model. These
functionalities can be uncommented and utilized based on specific needs, providing a

comprehensive framework for building and training a neural network in MATLAB.
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Best Validation Performance is 0.00057624 at epoch 2104
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Figure 3 Neural Network Training Performance (Plot Performance)
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Training: R=0.99723

Validation: R=0.99042
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Figure 4 Regression Plot

The neural network-based model identification method offers several advantages over
traditional approaches. It can handle complex, nonlinear relationships without relying on
explicit mathematical formulations, making it suitable for systems with unknown or highly

nonlinear dynamics. Additionally, the ability of neural network to learn from data enables
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the identification of intricate patterns that may be challenging to capture using conventional

methods.

Despite its advantages, the neural network-based approach poses challenges such as the
need for substantial amounts of training data and the potential for overfitting. Careful
attention must be paid to the selection of network architecture and hyperparameters to

ensure robust performance across various scenarios.

3.3. Nonlinear ARX Model

3.3.1. Introduction

Nonlinear Auto Regressive eXogenous (ARX) models go beyond linear ARX models to
handle nonlinear situations. These models employ diverse functions like wavelet and
sigmoid networks to capture intricate nonlinear behavior. Unlike to traditional approaches
in identifying nonlinear systems, which typically rely on pre-determined model structures,
these models provide flexibility by accommodating different designs. As demonstrated by
the Hammerstein-Wiener model, they may, for instance, integrate a fusion of linear and

nonlinear memoryless dynamical systems.

3.3.2. Nonlinear ARX Model Structure

A nonlinear ARX model is composed of an output function and model regressors. The
mapping objects associated with model outputs are incorporated into the output function,
which also includes nonlinear and linear functions. The model output is generated

through the interaction of these functions with model regressors, in addition to a constant
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offset for that particular output. The provided diagram depicts the arrangement of a

solitary output nonlinear ARX model within a simulation scenario.

Qutput Function

Regressors Monlinear
wit),ut-1),y(i-1), ... Function

Linear
Function

Figure 5 Nonlinear ARX Model Structure

This section outlines a method to identify nonlinear systems by utilizing operational data
in the ARX format, where the parameters exhibit nonlinearity in relation to the input and
output. The parameters for precise input and output levels are derived from corresponding
databases. By iteratively identifying at different levels, one can establish the nonlinear
connections among parameters within the specified input and output range. When there is
uncertainty about the model order, the locally identifiable model is minimized, and the
parameters are expressed as polynomial functions of the input and output variables to
construct the nonlinear ARX model. This method is beneficial for compressing intricate,
steady nonlinear systems into a succinct nonlinear ARX model that is appropriate for

controller design. [54].
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This part outlines the proposed method for detecting a nonlinear ARX model, where the
parameters exhibit nonlinear relationships with both the input and output [55]. The

equation representing the ARX model for the discrete-time linear system is given.

ylk] + ayylk — 1] + apy[k — 2] + - + ayy[k — n]

1)
= byulk — 1] + byulk — 2] + -+ + byulk — n] + ¢

In the given equation, y[k] represents the output and u[K] represents the input at time k.
The coefficients a; and b; (where =1, 2, 3, ..., n) reflect the values assigned to the
variables, while n indicates the system's order. The values of the parameters of the model
are determined by the output y[j] and the input u[j] at time k, where j is equal to k—n,

k—n+1, k—n+2 .., k

3.3.3. Dependency of ARX Parameters on Output

This subsection provides a comprehensive discussion of the identification technigue for the
nonlinear ARX model, with a specific focus on the output aspect. In this particular instance,
the process of identifying the nonlinear system requires an iterative approach to determine
the parameters in the ARX model. This is done by using input-output data from various
output levels, as shown in Figure 6. The ARX model obtained corresponds to the localized
linear system centered around the selected output tier. The parameters assigned to different
output tiers can be represented as functions that depend on the output. The process of
determining the relevant local linear ARX model is illustrated in Figure 6. The parameters

are determined through the least square criterion, defining the linear ARX model around

Y, as:
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ylki] + aylks — 1] + - +ayy[ks — 1]

)
= bjulk; — 1]+ -+ +byulk; — n] + ¢
ylkz] + ayylk, — 1]+ +apyk, — n] .
= bjulk, — 1] + - +byulk, — n] + ¢
ylks] + arylks — 1] + - +apylks — n]
(4)

= byulks; — 1]+ -+ +byulks — n] + ¢

4
output
Volk] Vilks] Volk, ]
v vol6-1] » X o
S 11 T 1 *
vole-2) 1 B I [
\
time
s |
input
|
Illk. :I P T s l
a1 MR gk oo
ik,
time

Figure 6 Identification around the designated level of output [54]
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As indicated in equation (5), the coefficients of the ARX model are expressed as functions

of the output y,.

ylkl + a1 (Vo)ylk — 1] + - + a,(¥,)y[k — n]

= by(y ) ulk — 1] + - + b, )u[k — n] + c(¥,)

()

To avoid the use of output data across multiple levels, the process of identifying a local
ARX model can be carried out by choosing the output to stay within a specific range
centered around a particular output level. Through iterative identification across the
defined output range and combining the obtained models, the successful identification of

the nonlinear ARX model is achievable.

3.3.4. ARX Model Parameters Variation with Input and Output

We explored the process of identifying ARX model parameters associated with the output
in the preceding section. In this section, parameters that are impacted by both the input
variable (u) and the output variable (y) are introduced via an iterative process. This involves
the detection of local autoregressive exogenous (ARX) models where the input and output
values fall within a predetermined range. The establishment of an ARX model involves the
methodical selection of various input and output levels, with the parameters that are

affected by both the input and output variables being determined using Equation (6).
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yIkl + ay(u, y)ylk — 1] + - + an(wy)ylk — n]
= by(wy)ulk — 1] + -+ + by(u, y)ulk — n] (6)

+ c(wy)

The synthesis of local ARX models recognized at various stages of both input and output
throughout the designated range achieves the determination of the nonlinear ARX model.
3.3.5. Results of Nonlinear ARX Model Identification

After preparing the data, they are fed into MATLAB for identification process. In this
subsection, the results of different setup are presented and the impact of data loss and fitting

to estimation is discussed in order to validate the proposed algorithm.

Measured (data) and simulated model output
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Figure 7 Model Estimation Using NLARX Model with Support Vector Machine as Output Function

24



Figure 7 was estimated using Nonlinear ARX model with 1 output and 5 inputs on time
domain data of sampling time 1 second. The regressors are linear regressor and polynomial
order 2 regressor. The output function is support vector machine function using a Gaussian

kernel. The fit to estimation data is 78.77% and the mean square error is 0.04504.

Measured (data) and simulated model output
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Figure 8 Model Estimation Using NLARX Model with Sigmoid network as Output Function

Figure was estimated using Nonlinear ARX model of 5 inputs and 1 output on time domain
data of sampling time 1 second. The regressors are linear regressor and polynomial order
2 regressor. The output function is sigmoid network with 25 units. The fit to estimation

data is 86.52% and the mean square error is 0.01816.
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3.4.Nonlinear Hammerstein-Wiener Model

3.4.1. Introduction

N-L-N models, also referred to as nonlinear block-oriented models, belong to a distinct
category of models. These models incorporate a Linear (L) subsystem that is situated
between two subsystems of static Nonlinearity (N) [56]. By incorporating two nonlinear
components instead of just one, the modeling capabilities of H-W models are enhanced,
particularly for nonlinear systems that display both actuator and sensor nonlinearities [57].
The recognition of H-W models has garnered significant interest in recent years, with

multiple studies exploring various frameworks.

3.4.2. Nonlinear Hammerstein-Wiener Model Structure

The structure of the model is formulated by dividing the system into blocks. These blocks
consist of static nonlinear components combined with dynamic linear terms to form the
complete system. The H-W model operates in discrete-time. Figure 9 illustrates the
structural depiction of the H-W model. Specifically, if the model integrates solely the input
nonlinearity f, it is denoted as a Hammerstein model (see Figure 10). Likewise, if the model

encompasses nonlinearity h solely at the output, it is termed a Wiener model.

— | Input Nonlinearity Linear Block B/F Output Nonlinearity

\4

\ 4

f h

\ 4
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Figure 9 Hammerstein-Wiener Model Structure
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Figure 10The Hammerstein model

3.4.3. Results of Nonlinear Hammerstein Model Identification

In the context of identifying a Hammerstein model using MATLAB's System Identification
Toolbox, the static nonlinearity component can be specified as 5 sigmoid networks (as the
number of the inputs) with 10 units each. This configuration enables the model to capture
intricate and non-linear connections between the input and output signals. The Levenberg-
Marquardt (LM) searching method, a widely used optimization algorithm, is employed in
the identification process. The LM approach enables the adjustment of the network's
parameters, leading to enhanced accuracy in approximating nonlinearities. The dynamic
linear part is estimated using a transfer function with 3 poles and 4 zeros. The specific
architecture and the LM searching method together enable a robust and efficient
identification of the model. The fitting to estimation is 66.9%, and the mean square error
is 0.1116. The representation of the underlying system dynamics is illustrated in the figure

11.
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Measured (data) and simulated model output
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Figure 11Model Estimation Using Nonlinear Hammerstein Model with Sigmoid Network of 10 units and order 4 TF

Repeating the same process and increasing the number of units in the static function to 15
and reduce the order of the linear dynamic function to 3, the fitting to estimation is

increased to 80.12% and the mean square error reduced to 0.03956. See figure 12.
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Measured (data) and simulated model output
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Figure 12Model Estimation Using Nonlinear Hammerstein Model with Sigmoid Network of 15 units and order 3TF

3.4.4. ldentification of SISO Hammerstein Model

Within this section, we have applied the identical approach as in the prior section to identify
the Hammerstein model. This model represents a system that operates in discrete time and
has one input and one output. The system is linear and time-invariant. Here, the input is
defined as the liquid speed to gas speed ratio, and the output corresponds to the measured

pressure drop in psi.

The Hammerstein model is composed of a sequence of static and dynamic blocks.
Nonlinearity in the inputs is captured and transformed into w(t) by the static input block,

as described in Equation (8a). Following the transformation, the unmeasured term, denoted
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as w(t), is subjected to a linear function block in which G(q) symbolizes a time-invariant
linear transfer function. Equation (8b) [20] is utilized by this linear function to transform
the linear input into the output x(t). The v(t) noise term is a stationary, bounded stochastic
signal. It is imperative to underscore that the model's output does not incorporate
nonlinearity. The degrees of the numerator and denominator in the linear functional blocks
are denoted by the parameters m and n, respectively. The index a serves as a measure of

nonlinearity.

The nonlinear function, parameterized through a polynomial function, can be expressed as:

Fu@®) = Brule) + fou(@) + -+ + Bru™(t) (7)
w(t) = f(a,u) (8a)

-1
x(6) = %w@ (8b)

B(q)  bo+ biqg7' +-r +bypqg"

= 8c
Al@ 1+ aq7t o tagg™ (8

G(q) =

1+ g+ +cgt C(q)
= e
1+ dygt +--- +dyqgt D(q)

v(t) = H(qe(t) = (®) (8d)

Upon applying these equations to the (SISO) Hammerstein model, the resulting structure

is as follows:
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where:

B(g) (q)
=10 )Zﬁk W) + e ©

| denotes the linear component order in the Hammerstein model.

g~ is the delay operator symbolic representation and the complex variable z~!
H(q) represents the linear filter transfer function.

e(t) is a zero mean value and variance of 22 white noise sequence.

m signifies the polynomials order.

[B1, B2) s By @1, A2y vy Ay b, by, ooy By, €1, €, .., € dy, dsy, ..., dy] are  the

parameters to be estimated.

The process of identifying the Hammerstein model encompasses of four steps:

Test of The Design

To ensure the identifiability of the parameters, an identification test needs to be formulated

using appropriate excitation signals. Ideally, the test should be tailored to yield an identified

model

well-suited for control applications. Let the data that has been obtained as

input/output be represented as:

{u),y(D),u(2),y(2),...,u(N),y(N)}

where N denotes the samples number.

Estimating the Parameters
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Creating the model parameters involves utilizing input/output data collected during testing,

accomplished through the minimization of the loss function.:

N

Vor = ) €20 (10
t=1
where
£(0) = H@y(®) - 6(@f (u(®)] = [ -0 Eﬁk k(t)] (11

iii.  Selecting the Order

The values for | and m should be selected to achieve the highest accuracy for control

purposes in the obtained model.

iv.  Validating of The Model.

The identified model undergoes verification to assess its suitability for control; if not
deemed suitable, another identification test is designed. The linear component upper error

bound is utilized for this evaluation.

The Hammerstein model is determined through the utilization of actual data acquired from
experimental tests conducted on the system. The data is entered into the system
identification toolbox in MATLAB. [58]. The investigations involve regulating the air and
water velocities to fall within predetermined ranges. The gas exhibits a velocity range of 0

to 18.288 m/s (0-60 ft/s), while the liquid demonstrates a velocity range of 0 to 3.048 m/s
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(0-10 ft/s). The input is specified as the ratio of the velocities of the liquid and gas. Input
signals and a comparison of pressure values between measured and projected data are
illustrated in Figures 13 and 14. The parameters of the linear model are denoted by the
equations that follow, in which F denotes the nonlinear function that involves the unit delay
operator g~1. A satisfactory fitting = 92.07% is attained between the measured and
predicted signals. However, simulation errors lead to results that are noisy when there are
sudden changes, in contrast to the actual measured values. The nonlinearity parameters are
determined by employing a 1 x 1 array of Sigmoid Network consisting of 200 units in
MATLAB, which is then transformed into a polynomial of order 3. Equations (8a) to (8e)
delineate the linear component of the Hammerstein model. Parameters for output
nonlinearity are set with a unit gain, consistent with the Hammerstein model. The system

regards temperature as a disturbance.
w(t) = f(u(t))

B(z)

y(¢) =@

w(t) + e(t)

B =-0.0943z"1 + 272

F=1-1.8996z"1+ 1.342227%2 — 0.4371z73

% is the transfer function represents the linear component of the Hammerstien model

while w represents the nonlinear function.

33



Pressure Drop

Input and output signals

15 T T T T T T T
o
> 10 1
—
2
2 5 .
[
[h'd
0 1 ) .. H“L L LL I
0 50 100 150 200 250 300 350 400
Time
Figure 130utput (the upper figure) and Input (the lower figure) Signals
5 Measured (Ratio(L/G)) and simulated model output
Hammerstein Model
Measured System
4 —

50 100 150 200 250 300 350 400
Time

Figure 14Measured (Pressure Drop)) and Simulated Model Output
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3.5.Summary

This section summarizes different identification techniques employed for system
modeling, showcasing their associated structures and corresponding fitting percentages.
The neural network-based model for MISO systems, featuring three hidden layers with a
Rectified Linear Unit (ReLU) activation function, exhibits a high fitting percentage of
99.4%. In the nonlinear ARX category for MISO systems, two distinct structures are
presented: one utilizing an Order 2 polynomial combined with Support Vector Machines
(SVM) using Gaussian kernel achieving a fitting of 78.77%, and another employing an
Order 2 polynomial with a 25-unit sigmoid network yielding an 86.52% fitting. The
nonlinear Hammerstein models for MISO systems involve diverse structures, including
Order 4 transfer function with a 10-unit sigmoid network (66.9% fitting) and Order 3
transfer function with a 15-unit sigmoid network (80.12% fitting). Lastly, a Nonlinear
Hammerstein SISO model is specified, featuring an Order 3 transfer function with a 200-
unit sigmoid network and achieving a fitting percentage of 92.07%. These models are
designed for system identification, with fitting percentages serving as indicators of their
effectiveness in capturing the underlying dynamics of the respective systems. The selection
of a particular model and its structure is influenced by the unique characteristics and

requirements of the system under consideration.
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%

Identification Technique | System Structure
fitting
Neural Network-Based 3 hidden layers with ReLU activation
MISO 99.4
Model function
Order 2 polynomial + SVM 78.77
Nonlinear ARX model MISO ) )
Order 2 polynomial + 25 units
86.52
sigmoid network
Order 4 transfer function + 10 units
66.9
_ ] sigmoid network
Nonlinear Hammerstein
MISO
model . .
Order 3 transfer function + 15 units
80.12
sigmoid network
Nonlinear Hammerstein Order 3 transfer function + 200 units
SISO 92.07

SISO model

sigmoid network
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CHAPTER 4 NONLINEAR CONTROL DESIGN

4. Nonlinear Controller Design

4.1. Introduction

Linear controllers, such as PID, are often employed to effectively regulate various
nonlinear processes by tuning them in proximity to an operational point. However, these
control algorithms typically neglect the inherent nonlinearities of the process, leading to
suboptimal performance in specific instances [59]. Enhanced performance for strongly
nonlinear processes can be achieved through the utilization of nonlinear PID controllers.
These controllers leverage a nonlinear function to capture the intricacies of the process,
drawing upon a priori knowledge. Despite attempts to represent nonlinearities accurately
using cubic splines with knots, the inherent nonlinearity of the functions cannot be
precisely captured, resulting in a nonlinearity mismatch error. The extent of this error is

contingent upon the number and placement of the knots.

4.2, Adaptive PID Control Using Neural Network
4.2.1. Introduction
The PID control strategy stands out as a sophisticated and widely employed method in
various industries. A common approach to derive a discrete-time PID controller involves

obtaining the time-derivative and discretizing the resultant equation., This process yields a

representative expression for a typical discrete-time PID controller:
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u(k) = u(k— 1) + Kp (e(k) —e(k — 1))
+ % (e(k) +e(k—1)) + % (e(k) —2e(k —1) (12)

+e(k —2))

Here u(k) is the control effort at time k. Kp, K; and K, are proportional, integral and
derivative gains in a discrete-time PID controller , respectively along with a specified
sampling period T. e(k) represents the tracking error at time k defined as e(k) = y, (k) —

v (k); yq(k) signifies the desired plant output, y(K) represents the plant output.
Au(k) = u(k) —u(k —1) = Kp ep(k) + K; e;(k) + Kp ep(k) (13)

where

ep(k) =e(k) —e(k—1)
. (14)
(k) = 5 (e(k) +e(k—1)

ep (k) = %(e(k) —2e(k—1) + e(k—2))

4.2.2. Architecture of the Control System

Figure 17 depicts the arrangement of the newly implemented control algorithm, which
combines neural networks with a PID controller. In this configuration, the PID controller
is cascaded with the model that represents the plant. The error signal, obtained by

subtracting the desired plant output from the plant model, is exclusively utilized for
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adjusting the PID settings. In this inventive adaptive control approach, modifications to the
model plant weights are executed offline, and afterward, the fixed weights are exclusively
employed for real-time adjustments of the PID controller gains. This control algorithm, as

shown, features a simple structure and provides a computational time benefit.

e,k

T AN
d_*@,’_’_\z_'l_;‘(bw_*ﬁ (o (fixed)
.

e (k) 3
EHT D, | |

- u(k) wK)
Controller — Plant -

as
\ =
—1 )
A
Y

Figure 15Adaptive PID Control using Neural Network Architecture

In order to acquire the neural network model for the plant, a feedforward neural network is
employed to capture the system dynamics, and the weights are trained using the back-

propagation algorithm. Figure 18 displays the block diagram illustrating the identification

system.

39



Neural model
g (NIM)

Y
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The weights of the neural model are modified in order to minimize the cost function

specified by:
1 2
E=3 (y(k+1) —y™k + 1)) (15)

The scalar output of the system is denoted as y(k), whereas the output of the neural model

is represented as y™ (k).

4.2.3. Adaptation Process of PID Controller

In every control cycle, modifications are implemented according to the cost function and
the Neural Model (NM) featuring fixed weights. To accelerate the learning algorithm's
convergence and guarantee stability in the closed-loop system, stability properties are
considered in updating the weight. This includes integrating the influence of past iterations
through momentum, the magnitude of which depends on the stability properties of the

closed-loop system. Notably, the impact of momentum becomes pronounced when the
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desired stability response is not satisfactorily attained, as indicated by a small margin of

stability.

The update for tuning the weights of the gains, employing a descent method, is expressed

as:

JE(t)

A t) = —
kpip(t) aakpm

+ B(OAkpp(t —1) (16)

where o denotes the learning rate and f is the momentum rate, adjusted according to the

following equation:
B(t) = Boexp (—bpc)
where B, is its initial value and bp . is the exponential decay factor.

The learning rate o should be bounded (0 < @ < 0.21) to insure the system stability and
the introduced method for adaptive momentum tuning aims to expedite the adjustment of
controller parameters when the controller's robustness performance is insufficient.
Conversely, it slows down the adaptation when the controller exhibits satisfactory

robustness performance.

The derivatives in Equation 16 are calculated as:

OE(t) OE(t) ay™ ou(t) L ay™
oky oy au® ok, TV aum ™ (17)
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0E(t) B 0E(t) oy™ ou(t) B s Oy
ok, = aym auo ok, - @ Y qupa®
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Given that the functions for both hidden and output neurons were characterized by the

logistic sigmoid function

f6) = 1+ exp(—x)

Then

ay™
o - yr(1-y™) Z WO (1 — 0/)WyT (18)
]
0™ indicates the output of the j-th neuron in the hidden layer of the Neural Model (NM),

whereas Wy} denotes the weights of the NM from the input neurons to the intermediate

layer and W™ denotes the weights from the intermediate layer to the output.

4.2.4. Results of the Adaptive PID Control

MATLAB is used to implements a dynamic control system for a nonlinear plant using a
combination of PID control and neural network-based compensation. State variables are
updated based on nonlinear differential equations. The PID controller is employed to

calculate control signals, with gains dynamically adjusted over time. The neural network
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is utilized to approximate the unfamiliar dynamics of the system, allowing the controller

to adjust to varying circumstances.
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Figure 17 Step Response of Adaptive PID
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Notably, the response shows overshoot before settling in steady-state value, this due to
the minimum phase in the system. The incorporation of constraints on control signals
ensures stability by preventing them from exceeding predefined limits. Overall, this
technique demonstrates a comprehensive approach to dynamic control and adaptation in a
nonlinear system, combining classical PID control with the flexibility of a neural

network-based compensator.

4.3. Sliding Mode Controller for The Hammerstein Model

4.3.1. Introduction

The SMC methodology is recognized as a reliable control strategy that is particularly
effective in managing complex systems with higher-order nonlinearity, which are

vulnerable to uncertainty in parameters and external disturbances [60]. The notion of
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sliding mode operation was initially developed in the 1950s in the former Soviet Union as
part of the variable structure systems framework [61], [62]. In its early stages of
development, the variable structure system did not receive much attention in the field of
control, mostly because of its inherent complexity. The intricacy was most apparent when
dealing with the difficulties related to chattering, which encompassed actuators, sensors,

and switching systems.

Nevertheless, there are notable advantages associated with this approach. By selecting an
appropriate switching function, the system's dynamic behavior is altered, resulting in a
closed-loop response that is unaffected by uncertainties that are compatible with the system
[60]. The intriguing attribute has captured the attention of academics, motivating their

contributions to the advancement of Sliding Mode Control (SMC).

Recently, advancements in design techniques for Sliding Mode Control (SMC) have
successfully tackled significant challenges, including reducing chattering, adjusting for
unmeasured dynamics, adapting to noisy systems, and improving the dynamic performance
of closed-loop systems. An advantageous aspect of choosing an SMC controller instead of
linear control methods such as PID is its capacity to guarantee stability and resilient
performance in diverse unpredictable systems, whereas PID may encounter difficulties in

maintaining stability in uncertain situations [63].

The sliding surface is the boundary at which the state trajectories of the system intersect.
A control input is implemented at this juncture in order to preserve the state of the system
on the sliding surface. This operation mandates that the system conform to a pre-

established trajectory [64].
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The sliding surface is often characterized mathematically as:

S(x)=0

Where:

e S(x) is the Controller’s sliding surface.

e X represents the system's state.

The selection of the sliding surface function is determined by the system's dynamics and
the control objectives. It is critical to choose the appropriate sliding surface function so as

to achieve the desired control performance.

The sliding surface is calculated as:

S(k) = Cre(k) + e(k + 1) (19)

The sliding surface is defined by this equation. C; is a sliding mode gain which derived
from the system matrices. the sliding mode control gain A. In this particular scenario, the
value of 2 =10. The design of the sliding surface function must ensure that the system states

are driven towards the intended reference or equilibrium point in a regulated manner.

The control signal is engineered to modify the state or output of the system with the purpose

of attaining a desired performance or fulfilling certain control objectives.

u = _L1’ ) L2 (20)
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L, = (A—ABC)B! (21)

L, =x—1Sy (22)

u denotes the control signal. L, defines the control law, while L, is a component of the
sliding mode control. The value of u is determined by taking the negative of the inner
product between L,’ (the transpose of L) and L,. The objective of this control signal is to
steer the system's state or output towards the designated reference or equilibrium point, as

shown by the sliding surface.

4.3.2. Sliding Mode Control Results

The control signal is transmitted to the actuator of the system, and its impact on the system
is contingent upon the unique dynamics and characteristics of the system. The objective is
to use the control signal to regulate the system and achieve the desired control performance,

such as tracking a reference trajectory, maintaining stability, or rejecting disturbances.
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Figure 22Absolute Error between Output and Estimated Output

The control strategy can guide the system to the intended sliding mode and sustain it, even
when disturbances are present. Employing the reaching law and sliding mode control law,
a sliding mode controller has been developed for the Hammerstein model. Through
MATLAB simulations, the control law was assessed, revealing that the system converges

to the sliding mode and persists in that state throughout the simulation period.

Furthermore, this robust control approach demonstrates its effectiveness in handling
disturbances and maintaining the desired sliding mode, showcasing its applicability in real-
world scenarios. The MATLAB simulations validate the controller's ability to consistently
achieve and uphold the designated sliding mode, highlighting its stability and reliability in

dynamic systems
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CHAPTER 5 LINEARIZED MODEL CONTROL DESIGN

5. Linearized Model Control Design

5.1. Introduction

In the area of control design, addressing various forms of nonlinearities in the system has
long presented challenging issues. Depending on the nature of the nonlinearity, diverse
approaches in control design can be applied to mitigate its impact on the control system. If
the system exhibits only mild nonlinearity, approximating it with a linear system may
suffice, allowing the application of standard linear theory when developing a control law
[65]. However, in the presence of more pronounced nonlinearities, it is advisable to
explicitly account for the nonlinearity during the control design process. A commonly
utilized approach when dealing with dynamic nonlinearities is the method of exact
linearization through internal feedback. This technique facilitates the linearization of the

input-output relationships of a nonlinear system and has undergone extensive research.

In the domain of the process industry, a prevalent type of nonlinearity arises when a
nonlinearity influences the input signal to a process. This situation often occurs due to
nonlinear actuators, such as nonlinear valves. It is frequently reasonable to neglect the
dynamics of the nonlinear actuator compared to the overall process, indicating that the
nonlinearity is predominantly static. A prevalent strategy for representing the input-output
relationship in such situations is to employ a static input nonlinearity alongside a linear
system. This model is known as a Hammerstein model. To provide concrete instances of

Hammerstein models, consider the following examples [66]. One commonly employed
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approach to handle systems that exhibit static nonlinearity is to utilize a model that
represents the antithesis of the static nonlinearity in order to mitigate its impacts. In the
subsequent discourse, this approach shall be denoted as the conventional method.
Alternatively, one can opt for a gain scheduling technique. A detailed examination of these
approaches can be found in sources such as [67]. Further applications are detailed in [68],
[69]. Another method to tackle the issue revolves around implicitly approximating the
inverse using high-gain feedback, as discussed in [70]. However, a significant drawback
of this approach is that the sensitivity to noise increases due to the application of high-gain

feedback

5.2. Tangent Linearization

Within this section, we undertake the process of linearizing the Hammerstein model,
focusing on a certain operating point that is determined by the input U, and the state values
X,. It is important to emphasize that X, does not necessarily include values of the
equilibrium state. The resulting output yields a linear model that serves as the most
favorable linear approximation for inputs that display minor fluctuations around a constant
input u(t) = U. The fundamental principle underlying the linearization technique is tangent
linearization. By integrating a linear system with a static nonlinear system, the model
structure visually represents a nonlinear system. By connecting a linear system in series
with a static non-linear system, this configuration enables the representation of a non-linear
system. For example, a fixed nonlinearity can be used to replicate phenomena such as
saturation or dead-zone impacts. The diagram illustrates a nonlinear system that has been

transformed into a modified linear system due to the presence of static input nonlinearity.
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The function f represents the input nonlinearity, while [A, B, C, D] represents the state-

space parameters of the linear model.

Yk

= fO)

T

| 1

NONLINEAR BLOCK LINEAR BLOCK

Figure 23Hammerstein Model as a Static Nonlinear Input and Linear State Space System

The model's behavior is determined by the following set of equations.

wi = f(ug) (23)
Xk+1 — Axk + BWk (24)
y = Cxy + Dwy, (25)

In these equations:

e U represents the input signal,

e w signifies the intermediate signal (output of the input nonlinearity),
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e y denotes the output of the model.

The linearized representation of the Hammerstein model at a specific operating point

(X*,u") is expressed as follows:

AX(k + 1) = Adx(k) + Bf,, Au(k)
(26)
Ay(k) = CAx(k) + Df,Au(k)

where

o AX(k) = X(k) — X*(k)
o Au(k) =u(k) —u*(k)
o Ay(k) =yk) —y"(k)

o fu=af@

u=u*

In this context, y* represents the model output corresponding to the input u* and state x*,

where w* = f(u*).

After linearization, the state space matrices of the system becomes:

A = 1 0 0

1.8996 —1.3422 0.4371 0.7902
, B = 0
0 1 0

0

C = [0.8209 0.1265 —0.0412], D = [-0.0745]
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Sample time: 1 second.
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Figure 24Step Response of the Linearized Model (Open Loop)

5.3. Discrete PID with Linearized Model

The implementation of a Proportional-Integral-Derivative (PID) controller in the context
of a linearized Hammerstein model represents a promising approach to address the control
challenges associated with nonlinear systems. The Hammerstein model, characterized by
a static nonlinearity followed by a linear dynamic system, is a common representation for

a wide range of industrial processes. When dealing with such systems, it is essential to
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develop control strategies that can mitigate the nonlinearities while maintaining system

stability and performance.

In a recent research study, a PID controller was implemented to regulate a linearized
Hammerstein model that closely approximated the behavior of a practical nonlinear
process. The results of this investigation demonstrated the PID controller's ability to
effectively manage the system's behavior. The proportional component of the PID
controller enabled the system to respond promptly to setpoint changes, ensuring that the
temperature was regulated within the desired range. The integral term played a critical role
in eliminating any steady-state errors that could result from the nonlinear behavior. In the
context of the multi-phase flow system, this helped maintain the pressure drop at the
setpoint value over extended operating periods. The derivative term of the controller aided
in damping oscillations, preventing overshoot, and ensuring a smooth transition during

temperature changes.

However, it is essential to consider certain aspects in the discussion of these results. The
performance of the PID controller is inherently linked to the accuracy of the linearization
process. Accurate linearization requires careful selection of the operating conditions and
the choice of the linearization point. Variations in operating conditions, nonlinearities
outside the chosen linearization range, or significant changes in process parameters can
potentially impact the controller's performance. Therefore, to successfully apply a PID
controller to a linearized Hammerstein model, engineers and researchers must have a deep
understanding of the underlying system dynamics and should carry out diligent parameter

tuning for optimal control.
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Utilizing a PID controller with a linearized Hammerstein model is an effective approach
for managing nonlinear systems. However, it should be noted that the success of this
approach hinges on the accuracy of the linearization process and the careful consideration
of various factors such as operating conditions and system dynamics. By employing the
PID controller in such scenarios, engineers can attain efficient and robust control,

contributing to improved process performance and safety in industrial applications.

The genetic algorithm (GA) is employed to optimize the settings of the linear PID
controller. The algorithm's objective is to minimize a fitness function, namely the Mean
Square Error, by utilizing the provided linearized system. The genetic algorithm
configuration entails specifying variables, constraints, and settings. Once the process is
completed, the refined PID parameters are utilized to create a transfer function for the PID

controller. The closed-loop system, which includes the PID controller, is defined.

Kp = 0.3735
K, = 0.0438 (27)
K, =0

The linear PID controller is simulated with MATLAB. A plot of the step response of
magnitude 1 is applied to the linear PID controller structure, providing a visual
representation of the optimized system's performance. The response can be shown as

follows.
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Figure 26 The Control Signal u of PID
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Figure 27The Error Signal e Between the Step Response and The Linearized Response with PID

In the figures below, we test the response with the actual data.
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The computer hosts the simulated PID controller, which is tested through experiments
involving the pressure drop process. Step inputs are employed to assess the PID controller's
effectiveness at various gains. The experiments utilize a consistent linearized model for
result comparison. Robustness evaluation of the linear PID controller is carried out, with
an experimental analysis involving varied closed-loop time constant values. Notably, an
increase in the closed-loop time constant results in a gradual slowing down of the

controllers.

To illustrate the performance of the proposed PID with linearized model method, figures
above show experimental results with PID controller. PID controller has been tuned such

that a fast-rising time, a fast-settling time and small overshoot are obtained.
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5.4. Linear Quadratic Regulator

In control theory, the Linear Quadratic Regulator (LQR) is employed for the analysis of
systems represented in state-space. The utilization of the state-space approach proves
particularly straightforward, especially in the context of (SISO) systems. The LQR
controller is instrumental in deriving the optimal control sequence, aiming to minimize a

quadratic cost function expressed as:
J= | @ + @ Ru@)t (29)
0

The control energy is represented by u(t)T Ru(t) while the transient energy is expressed
as x(t)TQx(t). Where R and Q are a positive definite matrix, and weighting matrix,
respectively. Q may take on positive semi-definite values. The control signal u(t) signifies

the optimal control, governing the system signal. [71], which is:
u(t) = —Kx(t) = —R™BTPx(t) (29)

K denotes the linear optimal feedback matrix, while the solution to the Riccati equation can

be found by P, which can be determined through:
PA+AT —PBR™'P+Q =0 (30)

The weighting matrices Q and R are determined as follows:
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Q =0.270, R =0.265

Once the optimal values for the weighting matrices Q and R are determined offline, the

controller gain matrix can be computed using the LQR MATLAB function:

K = dlqgr[A, B,Q,R]
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Figure 31Closed-loop Step Response With LQR
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Now, the response is tested by the actual data collected from the experiment.
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Figures 34-36 illustrate the responses of the output. Step reference with magnitude 1 is
presented.
5.5. Sliding Mode Control (SMC)

The first step in developing a sliding mode controller is to establish the sliding surface, as

described in reference [72]. The sliding surface is shown or defined as:

s(k) = e(k+1) + C - e(k) (31)

The equation for the sliding surface, denoted as s, is defined as follows: C is a positive
constant that determines the system bandwidth (also known as 4 in some literature), and e
is the error signal, which is the difference between the reference signal and the process

variable. Once the sliding surface has been established, the next step is to generate a control
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signal that can effectively reach and maintain the sliding surface. This process is subject

to:
s(k)-s(k+1)>0 (32)

In order to satisfy this requirement, the output signal of the discontinuous controller is
determined by applying the sign function to the variable that represents the current value

of the sliding surface. Additionally, K is a positive constant.
u=K-sgn(s) (33)
[73] defines the sign function (sgn) as

_ {—1,5 <0

+1,s>0 (34)

Utilizing the sign function may induce chattering, potentially impacting the system.
Mitigating this phenomenon is crucial for Sliding Mode Control (SMC). To prevent
chattering, one possible method is to replace the sign function with the pseudo function:

S

u=K-|S|+5 (35)

Here, ¢ the tuning parameter is a modest positive constant that is intended to reduce
chattering. [74]. The selection of ¢ is pivotal, as opting for a value too small may not
entirely eliminate chattering, while choosing a value too large may pose challenges for the

controller when reaching the reference value [75].
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The values of SMC parameters are as the following:

The system underwent testing with a step function, wherein the setpoint went from 0 to 1
Psi within the initial second of the simulation. The corresponding output response is

showed in figure 37.
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Figure 37Closed-Loop Step Response of Linearized Model With SMC
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Below, the output response is tested with the actual data.
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CHAPTER 6 CONCLUSION AND FUTURE WORK

6.1. Conclusion

The purpose of this study was to use different identification techniques to derive an
accurate mathematical model for pressure drop in multiphase system, as well as to design
linear and nonlinear control algorithms to stabilize and evaluate the results of these control

systems using simulation software (MATLAB).

In conclusion, this research has demonstrated the importance of investigating experimental
data of process control systems, particularly in the context of multi-phase flow in pipes
commonly found in petroleum and chemical systems. The study has focused on pressure
drop in two-phase gas/liquid flow data from a control point of view, utilizing system
identification methods such as neural network-based model, Auto Regression eXogenous
(ARX) model, and Hammerstein model. By comparing the characteristics and responses

of these models, the best fit to the data with simplicity was selected.

The PID control mechanism continuously modifies the model parameters of the system to
consider any changes in the system's behavior, while the SMC algorithm generates the
system's optimal control signals. The study has shown that these approaches have the
potential to operate more effectively and efficiently for multi-phase systems, which are
commonly utilized in sectors such as oil and gas, chemical processing, and wastewater

treatment.
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The research findings have profound implications for the design and operation of multi-
phase flow systems. By employing data-driven and adaptive algorithms, pressure control

can be enhanced, leading to improved reliability and efficiency of these systems.

6.2. Future Work

Future work in this research area could focus on several areas to further improve the
understanding and control multi-phase flow systems pressure drop. The application of the
techniques studied in this research could be extended to other industries and systems
beyond petroleum and chemical processing. This could involve investigating the use of
these techniques in other sectors such as food processing, pharmaceuticals, and water

treatment, among others.

e Studying the influence of liquid characteristics, such as density, viscosity, and
surface tension, on pressure drop enables a more thorough comprehension of the
model. Conducting experiments to quantify the impact on pressure drop and
integrating such findings into the model would enhance its accuracy. This
refinement could extend the model's applicability to a broader spectrum of multi-
phase flow systems.

e The development of adaptive control algorithms to account for different
temperatures could enhance the accuracy of the estimation when operating in a real
environment. This could involve developing algorithms that can adapt to changes
in temperature and adjust the control signals accordingly. This could improve the
reliability and efficiency of multi-phase flow systems and enable them to operate

more effectively in real-world environments.
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e An optimal controller such as Model Predictive Control (MPC) could be proposed
and compared with the controllers proposed in this thesis. This could involve
developing an MPC controller and comparing its performance with the controllers
proposed in this research. This could provide insights into the effectiveness of
different control mechanisms and enable the development of more effective and
efficient control strategies for multi-phase flow systems.

e The work could be extended to inclined pipes in multi-phase systems and tested
with the proposed control techniques. This could involve conducting experiments
to measure pressure drop in inclined pipes and developing control strategies that
can account for the effects of gravity. This could improve the understanding and

control of multi-phase flow systems in a wider range of applications.

Overall, these areas of future work have the potential to further improve the understanding
and control of pressure drop in multi-phase flow systems, and could have significant

implications for a range of industrial applications.
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