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Abstract

The implementation of a Model Predictive Controller (MPC) for a Modified Quadruple
Tank (MQT) system is addressed in this thesis. The purpose of this study is to demon-
strate the application of MPC to a multi-input-multi-output (MIMO) dynamical system
that has complicated variables interactions. The basic understanding of the system and
the controller is presented.

First, we investigate the behaviour of the dynamical system and determined the
parameters and defined the variables that govern the MQT system, and then we derived
all the formulations related to acquiring the mathematical model from the basic physical
process. Then, the dynamic model of the system that has deterministic and stochastic
components described as a linear discrete-time state space model derived is employed
for the purpose of the next study. We specify the model in a form that is appropriate
for computational operation and analysis of MPC by introducing a discrete impulse
coefficient or known as Markov parameters.

Generally, the MPC consists of a state estimator and a constrained regulator, there-
fore for state estimation, a Kalman filter is incorporated. The computation of the co-
efficients is done off-line and the Discrete-time Algebraic Ricatti Equation (DARE) is
used to obtain the stationary one-step ahead state error covariance matrix. The static
Kalman filter is utilized to estimate the current state from the filtered part while the
predictions part is used by the constrained regulator which is also known as an Optimal
Control Problem (OCP) to predict the future output trajectory given an input trajec-
tory. The objective of the OCP consists of tracking error term that penalizes deviations
of the predicted outputs from the setpoint and a regularization term that penalizes the
changes in the inputs which is the manipulated variables. The resulting OCP which is
represented as a Quadratic Programming (QP) is solved and the performance of MPC
is demonstrated through simulations using MATLAB is presented.

The study shows that the static Kalman filter is well executed and the estimation of
the current states and the prediction of the future output trajectory are accomplished.
Subsequently, the performance of the MPC is investigated. In this study, the MPC is
implemented to unconstrained and constrained MPC. The unconstrained MPC is im-
plemented to evaluate a first-hand straightforward performance of MPC and from the
demonstration, disturbances are compensated and new setpoint was tracked, except an
abrupt peak is visible in the flow of input variables indicates that it is infeasible for real
application.

The constrained MPC is formulated both for input and soft output constraints.
When input constraint is introduced, the performance of MPC is exceptional although
the transient response is slightly deprived, it is noticeable that the sharp peak in the flow
of input variables is successfully suppressed, yielding a more relaxed flow. Whereas addi-
tional soft output constraint is included in the algorithm shows that the MPC operated
as normal as the previous strategies without violating the input and output boundaries
but the flow of the input variables is affected by a slight unsteady flow.
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CHAPTER ].

Introduction

In this chapter, the description of the Modified Quadruple Tank System is presented in
detail. It illustrates the importance of the Model Predictive Control implementation for
the system. We featured the main objective of the research project and the explanation
of the thesis organization.

1.1 Modified Quadruple Tank System

The modified quadruple tank (MQT) system as shown in Figure is a modification of
the four tank system inspired by [1]. Compared to the original four-tank system, two
unknown disturbance is added to the MQT system entering the top tanks. The MQT
system is an exemplification of a multi-input-multi-output (MIMO) system, an illustra-
tion of the real-world complex system applications which is widely used for education
in modelling and demonstrating advanced control strategies [2], [3]. Most of the real
application control tasks in the industry handle mostly non-linear systems, affected by
multiple inputs and outputs that have complicated variables interactions and significant
uncertainties. These unique and complex interactions make the MQT system a good
example to demonstrate the modelling and controller application study as discussed in
[4-6]. Tt has immeasurable disturbance variables, significant cross binding parameters
which cause unwanted output disturbance when defining the control input in order to
have desired output and needs linearization due to its non-linearity, which causes further
errors into the control loop [7]. Moreover, due to the modification, it is also affected
by unknown measurement noise and disturbance variables that are considered stochastic
[8]. Therefore, it is important to study the dynamic behaviour of the system and its
potentials before involving any controller.

The MQT system is a simple process, consist of four identical tanks and two pump-
ing system but yet illustrates a system that is non-linear, MIMO and complicated in-
teractions between manipulated and controlled variables. The states x of the modified
quadruple tank system are the masses of water in different tanks as the states of the
masses changes over time due to the dynamics of the water flow in and out of each
tank. The main objective of this lab-scale system is to measure and control the levels of
water in the lower tanks (Tank 1 and 2) to some desired set points by manipulating the
flow rates F; and F5 which are distributed across all four tanks, represents the dynam-
ics of multi-variable interaction since each manipulated variables influences the outputs.
Therefore the height of the water level in these two tanks, h; and ho is measured and
controlled. Usually, the controlled variables is a subset of the measured variable, y. The
pumping system directs a fixed fraction of F} and Fb, denoted as ~; that distribute the
water to Tank 1 and Tank 4, and «y, for Tank 2 and Tank 3 at a rate of ¢; ;,, ¢ € {1,2, 3,4}
respectively [9]. The values for 77 and s differs for minimum phase (RHP) and non-
minimum phase (LHP). The sensors measure the height of water level in each tank,
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Figure 1.1: Schematic diagram of the modified quadruple
tank process

hiyi € {1,2,3,4} thus, the measured variable is affected by the noise from these sen-
sors and due to this condition, the measured variables, y consists of the actual values
of the height and sensor noise. Whereas liquid is added to Tank 3 and Tank 4 resem-
bling external disturbances d and the flows denoted F3 and F) are unmeasured unknown
disturbances and stochastic variables that is assumed to be normally distributed, hence
cannot be controlled. However, for the modelling purposes in the following chapter, we
assumed no noise occurrence and impeccable measurements.

The MQT system will be fully utilized throughout this work to assimilate the funda-
mental theory of the MPC and further described in the following section. While [5, 6, [10]
has the opportunity to work with the actual pilot plant, this work is done in a simulation
environment. Without an actual process plant, an accurate first-principles model can be
achieved [11].

1.2 Model Predictive Control

A model-based controller is one of the advanced control strategy that is currently com-
mon and extensively recognized in industry and academic, famously known as Model
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Predictive Control (MPC). The MPC first breakthrough is from a seminal publication
of Model Predictive Heuristic Control [12] and later [13] who came out with Dynamic
Matrix Control.

Data handling /
computations

Horizon
index

Estimation Regulation
T - a
Estimation Regulation
Estimation Regulation

injected u

_l_‘—,_‘_\_‘—|_‘_l_|—[ Process time

Figure 1.2: Moving horizon implementation
MPC is a controller that utilizes the identified model of a system to predict its future

behaviour, given a prediction horizon. The main idea is to minimize the cost function
and taking into account the constraints. Then the first controller moves are implemented
at a sampling instants over the control horizon, by implementing only the first move the
optimal feedback is achieved and then the complete sequence will be repeated again,
which is known as moving horizon concept [11]. Figure shows an illustration of the
concept. This flexibility is one of the important significant advantages of MPC [14].
Nowadays the applications of MPC are not limited to the process control field, but
also including other various fields such as automotive, energy management, medical and
economy.

This PhD study is emphasising on implementing the predictive control strategy on a
lab scale system that exhibits the characteristic of a complex MIMO system, the modified
quadruple tank system which is briefly described in the previous section to comprehend
the fundamental theory of MPC and develop the procedure on the application of the
control strategy by simulations.

Several strategies of controllers are implemented on the quadruple tank system such
as [15] and [16], while [17] and [18] has been extensively described the application of
MPC on the quadruple-tank system with different approaches. A comparative study
of model-based control for the four-tank system using IMC and DMC is provided by
[16] and a year later an analysis of robust control for the identical system is done [19].
The Kalman filter is incorporated for state estimation to obtain an optimal MPC as
shown in [20] and specified in detail in [21] attained from the Discrete-time Algebraic
Riccati Equation (DARE). Offset-free MPC for a single tank is explained in [22] but an
off-set free MPC caused by the model’s mismatch is proposed by [23] but for a different
orientation of quadruple tank system and by considering only the state disturbance.

Y
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Figure 1.3: Block diagram of the control structure for the
MQT system process

One of MPCs advantages is the ability to work within certain constraints, there-
fore the main focus of this work is to demonstrate the implementation of unconstrained
and input constrained MPCs complete with the derivation of the equations, as reported
in Paper [C] An addition to that, we resume the study by considering both input and
soft output constraints MPC in a single problem. To solve the Optimal Control Prob-
lem (OCP), we express the control task which is tracking of the setpoint trajectory as
a quadratic optimization problem by performing several experiments and simulations
studies for observation to demonstrate the versatility of the advanced controller.

Referring to the block diagram of the control structure for the MQT system in
Fig[T.3] the model predictive control part consists of an estimator which estimates the
current states of the system, & given the previous measurement from the process, y
and a regulator which minimizes the difference between the reference values, r and the
controlled variables, z with respect to the manipulated variables, u. The output of the
regulator which is the new input variables is then fed to the MQT system thus yielding
a new state and a new measurement. This process is iteratively repeated for a specified
timespan or until a certain stopping criterion is reached in a closed loop manner. From
the diagram, it is possible to visualise the implementation of the MPC that will yield the
optimum input to the system which would result in an approach to the desired reference
values.

1.3 Thesis Objectives

The main objective of this thesis is to develop the procedure of an advanced model-based
controller implementation and to demonstrates the procedure on a lab-scale industrial
process, using linear MPC. In order to achieve the main objective of the thesis, it can be
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subdivided into several topics and multiple objectives need to be accomplished.

1. Modeling of the Modified Quadruple Tank System.

We obtain first-principles engineering model of a Modified Quadruple Tank Sys-
tem by describing the non-linear dynamics of the system in which the equations
are derived from the fundamental physical processes. The conservation of mass is
applied to develop a simple model and we simulate the system which described
by Ordinary Differential Equations (ODEs). The system is fully described and
all important variables are outlined. Then, the non-linear continuous state space
model of the system is transformed to a linear discrete-time state space model
through linearization and discretization. In order to rewrite the difference equa-
tion system representation in a more structured form, the Markov Parameters is
introduced.

2. State Estimation for the Discrete-Time Linear System.

We want to estimates all the variables which represent the internal conditions or
the status of the system at a specific given time so as to allow for future output
prediction and to design the control algorithms. A Kalman’s state estimator for a
non-linear multivariable process using a linear state-space model is solved by the
algebraic Ricatti equation to estimates the current state of the system and the
future output predictions.

3. Development and Simulation of Model Predictive Control.

We develop and demonstrate the implementation of Model Predictive Control
for the Modified Quadruple Tank System by simulation. The predictions part of
the Kalman filter is used by constrained regulator, an optimal control problem to
predict the future output trajectory, the results that are represented as a quadratic
problem is solved and the performance of the controller is demonstrated through
simulations.

1.4 Thesis Organization

This PhD thesis is written based on a number of scientific articles published in peer-
reviewed international conference proceedings and a scientific journal. The thesis is
divided into two parts, Part I and Part II.

Part I is the summary report comprised of several chapters which start with Chapter
[[Joutlines the background and aim of the research work followed by the detail explanation
of the modelling part of the system in Chapter [2] Chapter [3] introduces the concept of
state estimation where the Kalman filter is incorporated and provides a description of the
disturbance model. Chapter [f] demonstrates the implementation of MPC strategy while
Chapter [b| presents the results and analysis of the controller implementation. Finally,
Chapter [6] concludes the study with a summary of the method used and the results. In
Part II three research papers are included. These papers are published and submitted
during the project period.






CHAPTER 2

Modeling of a Modified Quadruple
Tank System

In this chapter we describe the modified quadruple tank system with all the impor-
tant parameters are selected and variables are defined. We want to obtain an accurate
first-principles model of the process by describing the dynamics of the system in which
the equations are derived from the fundamental physical processes. A non-linear ordi-
nary differential equation (ODE) model is obtained and we reconstruct the model in an
appropriate form for future model-based controller design, a form that is suitable for
computational operation and analysis purposes. This chapter provides a summary of the
scientific dissemination in Papers [A] and

2.1 The Control Structure

Previously in section the dynamics of the MQT system is described and the control
structure of the system is outlined. To address the problem of controlling the tanks
system we first identify all the variables.

Let = indicates the state variables signifies the water levels in tanks, y is the measured
variables indicates the water level in the tank, w indicates the manipulated variables
(MVs) or inputs, z is the controlled variables (CVs) represents the tanks which we wish
to achieve the desired set points and d is the disturbances. This can be written as

X = [ml ms M3 m4}T (2.1a)
y=[m hy hg hi" (2.1b)
u=[F R (2.1¢)

d=[F F]" (2.1d)

zZ = [hl hQ}T (216)

In the following sections, two non-linear continuous time models will be described based
on the parameters that determine the dynamics and the response of the system. All the
parameter values of the modified quadruple tanks system are shown in Table

2.2 Non-linear Model

In this section, first, we develop a deterministic model and then followed by a stochastic
model to represent a more realistic model by including the process and measurement
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Table 2.1: Parameter Values

Description Symbol | Value | Unit
Tank cross sectional area A; 380.1327 | cm?
Pipe cross sectional area a; 1.2272 | cm?
Acceleration of gravity g 981 cm/ s
Density of water P 1.00 g/em?
Valve distribution constants " 0.45

Valve distribution constants Y2 0.40

noises. Mathematical models for the sensors and outputs are also derived and included.
Then the non-linear simulation step responses are presented to show the results and
analysis from the modelling part of the work. From the simulation results, the transfer
function is identified and the noise is estimated. Finally, a steady state analysis is
investigated to obtain the operating window for opting set points.

2.2.1 Deterministic Non-Linear Model

The complete deterministic non-linear model can be expressed by a set of first-order
differential equations in the form of

% = f(x(t), u(t), d(t),p) (2.2a)
y(t) = g(x(t)) (2.2b)
z(t) = h(z(t)) (2.2¢)

with p is the parameters and initial condition
x(to) = xo (2.3)

The measurement from the sensor is modelled as linear function is defined as y(t) and
the output function is defined as z(t). g¢(z(t)) and h(x(t)) are the measurement and
output functions related to the process state. Then we apply the conservation of mass
for each tank to formulate the differential equations and we simulate the system which
described by Ordinary Differential Equations (ODEs) in Matlab [24] as

Loma(6) = planin(8) + as(t) — (1) (2.42)
ma(t) = plazin(t) + aa() - a2(0) (2.4b)
S (t) = plasn(t) + Fo(t) — as(0) (240
ma(t) = plasn(t) + Fa(t) — (1) (244)

dt
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Figure 2.2: Schematic diagram of the modified quadruple tank process

The mass balances (2.4]) constitute the differential equations in the model describing the
states of the system. The initial values for the mass of water in each tank at time tq are

mi(to) = mi’o 1= ]., 2,374 (25)

The static mass balance of the two valves is used to obtain the inflow rates from the
valves for individual tanks. Here ; and 7- are the flow distributions constants for valves
1 and 2 respectively. Besides, F;(t) and F»(t) are the input flow rates coming from these
pumps.

q1,in(t) = 1 F1(2) (2.6a)
2,in(t) = 2 l2(t) (2.6b)
q3,in(t) = (1 — y2) Fa(t) (2.6¢)
qa,in(t) = (L —m)F1(t) (2.6d)

The height of the liquid and the flow rates out of each tank is calculated in this
section. Let the measurements and outputs be the heights, h;. The height is calculated
by the relations of mass and volume of the water in each tank where mass m; in tank ¢
is given by

m; = pV; 1=1,2,3,4 (2.7)

where p is the density of the fluid and let V; be the volume of the water in all the four
tanks with an assumption that A; is the cross-sectional area for each tank

Vi=A;h; i=1,2,3,4 (2.8)
the height h; of the liquid level in tank i is calculated by the relations
hi = ,BZmZ 1= ]., 2,3,4 (29)
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1

Pi= pA;

i=1,2,3,4 (2.10)

The flow rates of the liquid ¢;(t) is calculated by applying Bernoulli’s Principle to
each tank which gives the following volumetric outflow rate

qi(t) = ai\/Zghi(t) 1= 1,2,3,4 (211)

where a; is the cross section of the pipes, g is the gravity, h; is as given as (2.9) and «; is

o = ai\/298;  i=1,2,3.4 (2.12)

the volumetric flow rate in the outlet pipes from the tanks are

() = aiy/m;  i=1,2,34 (2.13)

2.2.2 Stochastic Non-linear Model

In this section both process noise and measurement noise is included in the model of the
system, and measured variables, respectively. This is because, in practice,
the system can be affected by noise and disturbance, uncontrolled disturbance variables
change in time and the uncertainty of the measurements can’t be removed completely.
Therefore in compensation for this, we include a normally distributed measurement error
and make the disturbances vary randomly. Specifically, an additional white-noise is
introduced on the measurements and let the uncontrolled disturbance flows change as
piecewise constants between samples with a similar normally distributed disturbance.
The system in equation 2.2l have a new measurement equation and stochastic disturbance.
The new stochastic disturbance become

d(t) =d, for tp<t< trt1 (214)

where d(t) is piecewise constant. In this case, equation (2.14)) have the stochastic com-
ponent

dp = [?ﬂ + wy (2.15)

where wy, is the process noise that is stochastic and assumed to be normally distributed,
w ~ N(0,Q), due to the unknown information regarding the distribution and this
results in the non-linear model.

Let the measurement noise, v(t) signifies the occurrence of noise from the sensors
during the process of measuring in each tank and it is normally distributed, v(¢) ~
N(0, R,). v(t) is being added to the measured variables, giving

y(t) = g(x(t)) + v(t) (2.16)



2.3. Non-linear Simulation Step Responses 13

2.3 Non-linear Simulation Step Responses

In this section, the non-linear system is analysed where the step responses of the non-
linear simulation are evaluated. From these responses, we will identify the continuous-
time transfer function of the MQT system and it is possible to characterise the system
for which the dynamics are unknown.

Now that the deterministic and stochastic model is obtained, we visualized the be-
haviour of the system and verify the model by simulations. This is done so to have the
basic understanding of the MQT system operation and the directions of the water flow,
step input test is applied and the output response is observed.

Then the output responses of the deterministic non-linear system are presented,
discussed and analysed. Using the non-linear deterministic model we simulate the system
with three level of input increment resulting in the step responses and normalized step
responses. The idea is to analyse the response in the measurements, y by manipulating
the inputs, u by referring them to the steady-state values, ugs in order to define the step
responses. The same simulation is done for the non-linear stochastic model with not only
the input increment but including measurement error for respectively low, medium and
high variance of the noise.

In order to identify the continuous time transfer function of the MIMO system,
the normalized step responses is used by estimating the characteristic parameters. The
identified transfer function is utilized to estimate the mean and variance of the injected
noise and to run an analysis of the Markov parameters for the purpose of determining
the sampling time for further use.

2.3.1 Steady State of the MQT System

During steady state, zss the system is at a fix point where the states remain constant in
time where % = 0, the root of the RHS of function 2.2a] giving

f(x887 Uss, dss) =0 (217)

which equations 2:4] becomes a non-linear of four equations with four unknown and let
the steady-state values for the flow rates be

300 250
o [ 0= [ .

The system which is given by function is solved using a Matlab command, fsolve
with a wrap function since the function of the model is autonomous and can’t be inserted
directly in the fsolve command. This is because the fsolve command works with a
function whose first argument is the variable of the system i.e x instead of t. The
corresponding measurements, yss and output, zss is solved using sensor and output
functions respectively. The calculated steady state values obtained is as shown in the
matrices below

4.1068 108.0357

3.6822 4 | 96.8675 ~ [108.0357

o.3787| 0l0) dss = | o pymg |l Fe = [96.8675} [em] - (2.19)
2.2157 58.2863

Tss =
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2.3.2 MQT System Operations

The first part of the simulation is for the deterministic model where the response of the
system is perturbed by an input in one of the input variables, vy = F} and us = F5.
The simulation is started when ¢ = ¢y during steady state and solved using odel5, a
Matlab command up to ¢ = t¢, where the time span for the integration/iteration can be
determined. For this simulation, N = 100 points that is uniformly distributed form t
until ¢ is predetermined.

The responses is exhibited in Fig2.3] and Fig[2:4] for mass, m and outflow, Qout
respectively. On the left of the panels shows the responses for w; input and on the
right is the responses for us input. The system reacts to the inputs and illustrates the
dynamic of the water flow between connected tanks. As for the first input, F} results
in deviations of the mass of mq, ms and m4 which represents the operation of the first
pumping system. The operation of the second pumping system can be seen as in the
right of the panels where input in F5 does not give any effects to the mass of m4 but we
can see the changes of mass accordingly in the other tanks. This dynamics can also be
seen in the outflow responses in Fig[2.4]
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Figure 2.3: Step responses of mass in each tanks for input u; and wus
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Figure 2.4: Step responses of outflow in each tanks for input u; and us

2.3.3 Step Reponses for Deterministic Model

With given input of u; and us, we want to analyse the level of fluid in each tank with
different levels of steps increment. Fig[2:5a] shows the responses of a 10% step increment
in blue, 25% in red and 50% in . In a glimpse, the order of transfer function
for each and every output responses can be observed. Details of the transfer function
identification form the output responses are described in the following section.

As for the normalised step responses, all of the responses are computed for each
manipulated variable separately. Normalised step responses are defined as

z(t) — xss

() s (2.20)

S(t) =

It is important to note that in equation the numerator gives the step response
in terms of the state variables which is the deviation from the steady state and the
denominator provides the deviation of the input variables from the steady state which is
the input step size. Thus, with a given deviation of inputs, S(¢) represents the deviation
of the output from the steady state. Fig[2.5h] shows the normalized step response for
10%, 25% and 50% increases in blue, red and respectively for input Fy on the left
and input F5 on the right respectively for the deterministic model without measurement
noise. The differences between the step increases are insignificant but existent and this is
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Figure 2.5: Step responses and normalized step response for height of
the tank liquid level in 10%, 25% and 50% increment of input F; and Fj
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expected for the non-linear model, whereas the responses would be identical if the model
is linear.

2.3.4 Step Reponses for Stochastic Model

The step responses have also been evaluated for the stochastic nonlinear model including
only measurement noise (v; ~ N (0, R)) for the same increment step sizes defined in the
previous section. The stochastic non-linear step responses obtained have been computed
for three different noise levels with variances as shown in the matrices below:

120 0 0 22 .0 0 0 320 0 0
0 12 0 0 0 22 0 0 0 32 0 0
BL=10 0o 12 0 Bu=1g o 22 ¢ Bo=1g o 32 0
0 0 0 12 0 0 0 22 0 0 0 32

Fig[2.6a] Fig[2.7al and Fig[2.8a] presents the results for the step responses for stochas-
tic non-linear model with 10% (blue), 25% (red) and 50% (black) increment in input steps
and one for each with different level of noise. Whilst normalized step response for three
different noise levels are presented in Fig[2.6b] Fig[2.7h| and Fig[2.8D] respectively. From
observation, it can be seen that the noise is damped for the normalization constant for
a bigger increment of input step. The blue line looks noisy compared to the black lines
regardless of having the same level of noise.

2.3.5 Transfer Function Identification

In order to identify the transfer functions for the MQT system, the transfer function, G
is estimated from these normalized step responses from U to Y

Y =GU (2.21)

and the MIMO system can be represented as
Y1 G111 Giz| |Us
= 2.22
- le Gl (222
Transfer function G(s) can be either first or second order SISO transfer function and the
analytical forms can be written respectively as
G = — S() = K(1 - e7) (2.232)
e = — T1 .
S p—— e a
K

G(s) = CEBICTES S(t)=K(1 - Ae™ — Be™) (2.23b)

where A and B are given as

T1

A= (2.24a)
1 — T2
B=_"

(2.24b)

T2 —T1

and 7; and 7 are the time constants of each SISO system and K is the gain. To obtain
these parameters from the normalized step responses of the non-linear deterministic
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Figure 2.6: Step responses and normalized step responses for stochastic
non-linear model with 10%, 25% and 50% input increment and low noise

level (variance 1)
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Figure 2.7: Step responses and normalized step responses for stochastic
non-linear model with 10%, 25% and 50% input increment and medium
noise level (variance 2)
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model, the calculated step response of each input are fitted to their appropriate transfer
functions.

F1 F2
0.2 1 0.2
—
5 0.15 1 015
=
> ]
o) 0.1 0.1
0.05 1 0.05
0 0
0 5 10 15 20 0 5 10 15 20
0.2 0.2
N
5 0.15 1 015
g
> ]
e 0.1 0.1
0.05 1 0.05
0 ‘ ‘ ‘ 0 ‘ ‘ ‘
0 5 10 15 20 0 5 10 15 20
Time (min) Time (min)

Figure 2.9: The normalized step responses of the estimated transfer
function with 10% step increment of input

In order to carry out the transfer function identifications only 10% normalised step
responses are considered. From Fig[2.0] only four step responses representing hq and
ho with input F; and F5 is shown since we are interested to measure the height and
identify the transfer function only for Tank 1 and Tank 2. From estimation, the transfer
function for G1; and Gag is estimated as first order whilst G5 and (Gas is estimated as
second order transfer function. These identified transfer functions as in equation
is represented in Table [2.10] below.

Table 2.10: The identified transfer function from the normalized step

response
_ 0.1740 _ 0.2328
G = 148541 G2 = (108s+1)(1555+1)
_ 0.2020 ___0.1465
G = (104s+1)(147s+1) Gy = (139s+1)

From the identified transfer functions we carried out an accuracy test by estimating
the noise levels in the step responses. Then, to obtain a discrete-linear state space model
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and Markov parameters, we utilized a linear model predictive control toolbox provided
to compute the discrete-linear model matrices and the Markov Parameters.

Noise Estimation

We estimate the measurement noise of the system by assuming that

Y =GU+E (2.25a)
E=Y -GU (2.25b)

where E represents the unknown noise (measurement noise) with unknown mean and
variance. From the normalised step responses Y, the noise is estimated using an equation
as in equation involving the transfer function G and compare the values with
the measured noise included in section 223.41 The mean and variance of the noise with a
normalized 10% step increment response are computed. The value of mean and variance
estimation is from measured data, h; and hy for three levels of noise and with input F}
and Fy. The estimations for mean and variance averaging on the different step levels are
provided in Table[2.1T]and by comparison, it shows that the values of variances identified
from the transfer functions yield accurate estimation. As for the mean values are very
close to 0, it can be concluded that the mean of the noise is approximated fairly accurate
since the measurement noise for the three different noise level cases has a zero mean.

Table 2.11: Estimation of noise mean and variance averaging the step
level from the identified transfer functions

Average | Low | Medium | High
Mean | 3.5¢73 | 0.0184 | 0.0367
Variance | 1.8747 | 4.8858 | 9.8635

Markov Parameters

Next is the analysis of Markov parameters, also known as impulse response coefficients,
for a chosen sampling time. The discrete-time linear state space model is calculated
and then the error of tolerance is set to 1074, using Markov parameters the states of
the discrete-time model can be determined. The discrete-time state space models are
represented as:

T+1 = Agzr + Bauk + Eadg (2.26a)
Yk = Cazg + Dauy (2.26b)

From section [2.2]it is known that four states are required to describe the system but this
might not be the case in the discrete-time model. If the smallest singular value of the
discrete state space realization is larger than the error tolerance meaning it has a higher
number of states. The Hankel Singular values of the discrete-time state space model is
as shown as in Figl2.12] with the dimension of Ay is four. In the next experiment, we
compute the approximation of the steady-state model of the system and compare the
step responses with the one that represents the actual transfer function from section
2.3.5] Referring to Fig[2.13a] the comparisons of step responses between approximated
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steady-state model and model from the identified transfer function is presented. Blue
dotted line is the step response for the identified transfer function and the red line is from
the approximated state space model. Through observation, both responses are identical
validating the approximated state space model.

The impulse response of the system for both approximated steady state model iden-
tified transfer function is computed for Markov parameters reinforcement. The results
of the responses can be perceived in Fig[2.13D] where both of the responses shows an
identical impulse response, likewise validating the approximated state space model.

2.4 Linear Discrete-time State Space Model

A dynamic model of a system can be described in a various way. From the derivation of
the mathematical model, it is possible to obtain the underlying information of the system
and implement a control algorithm to the system. Most of the systems or processes are
usually described by a state space system and by investigating the state of a system at
a certain time and its present and future inputs, it is possible to predict the output in
the future [25]. State space models can be either non-linear or linear form and usually, a
real system or process is described by a non-linear model whereas, in order to estimate
and control the system, most mathematical tools are more accessible to a linear model.
Therefore, in this section, we demonstrate the transformation of a non-linear continuous
model of a modified quadruple tank system described as deterministic-stochastic differ-
ential equations into a linear discrete-time state space model. Several works have been
done on similar four tanks system regarding the modelling of the dynamic of the system.
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A full description of linearization of the model for the four tank system is presented in
[23], [17] and in [26] the linearization is described in detail using the Jacobian matrix
formation to represent the system in state space model.

2.4.1 Linear System Realization

Linearization is required to find the linear approximation to analyze the behaviour of the
non-linear function, given a desired operating point. We apply the first-order term only
of Taylor expansion by truncation around the steady state of the non-linear differential
equations, f(x(t),u(t),d(t)) and consider the derivative of the state variable, . This
derivative is defined as a function, f,

prua(t) +az —a;

p(1 —y1)ur(t) + pda(t) —

where «; is given by

3
a,-:pa“/xi(t),/pj i=1,2,3,4 (2.28)

and p denote the vector containing all the parameters of the system, for the full descrip-
tion of the parameter see Table[2.1} The Jacobian of f with respect to the state-variables

are
61 0 B3 0
La@am.don.n = o 0 S0 (2.20)

0 0 0 —p4
where (; is given by

_ 1 azgp
Vi) | 24

Similarly the Jacobian of f with respect to the manipulated variables giving

B; i=1,2,3,4 (2.30)

Y1 0
ACORTONTONTE IO (2.31)
p(l—m) 0

and lastly the Jacobian of f with respect to the disturbance variables are

Ja(x(t),u(t), d(t), p) = (2.32)

o O O
T O O O

In this case, we introduced the deviation variables as

X(t) =a(t) — x5, Ut) =u(t)—us D(t)=d(t) —dy (2.33)
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and defined the Jacobian matrices evaluated around a stationary point zg, us, ds to be
A= Jx(zm Us, dsap) B. = Ju(zSa Us, dsap) E. = Jd(xs/u& d37p) (2'34)

With these matrices the first order Taylor approximation around the steady state point
are given as

f(x(t)7 u(t)ﬂ d(t)7p) ~ f(xsv usv dsvp) + ACX(t)
+ B.X(t) + E.D(t) (2.35)
=AX(t)+ B.X(t)+ E.D(t)

For the measurement and controlled variables we introduced Y (t) and Z(t) respectively
and the linearized system of the modified quadruple tank system as

X(t) = A X(t) + B.X(t) + E.D(t)  X(to) =0 (2.36a)
Y(t)=CX(t) (2.36D)
Z(t)=C.X(t) (2.36¢)
where the C' matrices are defined as
1 0 0 0
C=0C, = (pAl ) 2.37)
0 -4 00 (

2.4.2 Discretization of a Linear System

The dynamics of the modified quadruple tank system is now described as and to use
this linear continuous model of the system to be subjected to MPC, the model needs to
be discretized by assuming zero-order-hold (ZOH) of the variables at specified sampling
points, that is assuming the exogenous variables are constant between sampling points.
The aim is to have a linear discrete-time state space model with piecewise constant wuy,
di in a form of

Tpy1 = Agzk + Baug + Eqdy, (2.38a)
Yk = Cazi + Daug (2.38b)
with discrete-time consideration

tr  =to+kTs, E=0,1,2...
Tl ::C(tk)

and assuming the inputs on the ZOH is
u(t) = up,  tp <t <t
then the solution of with respect to u is given as
Tp1 = (tg+1) (2.39a)

[PEN]
_ eA(thrl*tk)xk + / eA(tkHiT)BU(T)dT (2.39Db)
123

Ts
:[eAT“’]l“kJr/ e Bdn
0

Uk (2.39¢)
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By comparing both equations (2.36) and (2.39) and similar result can be obtained for
disturbances variable d(t) giving

Ag=eATe By= [["eA"Bdr Ey= [} A Edr

2.4
Cd - C Dd = D ( 0)
where Ay, By, E4 can be computed with
Aqg Ba | A B
Lo e ([0 7))
(2.41)

Ay Ey A FE
[ o 1 |==P\|o 1|
For this particular work, the continuous state space representation matrices were dis-
cretized with T, = 30s assuming ZOH.
Considering the stochastic part of the model, a piecewise constant process noise, w
measurement noise, v and uncertainty of the initial state, xy to the process is added. The

linear discrete model from ([2.38)) is expanded into a stochastic version as in the equation
below

Tpt1 = Aawg + Baug + Eq(dy + wy) (2.42a)
Yk = Cazi + vy, (2.42Db)
2k = Cazxp + vy (2.42¢)
subject to
o ~ N(f07pp)? Wy, ~ N(Oa Q)7 UV ~ N(()?R) (243)

where @, R is given by
1252 0 220 0
Q_[ 0 12.52} R_[O 22 0

and P, is given by

012 0 0 0

0 012 0 0

By 0 0 012 0
0 0 0 0.12

2.4.3 Linear Discrete-time State Space
Representation

In order to rewrite the difference equation system representation in a more struc-
tured form, the Markov parameters are introduced. It is a discrete impulse coefficient
of a discrete state space model. The Markov parameters are calculated to avoid mak-
ing iterative simulations to keep only the matrix-vector multiplications. In doing so, a
significant time saving is introduced to the control algorithm and to have an observer
canonical form with minimal realization. Let H; denote the Markov parameters at the
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1'th sampling time after an unit-impulse, then to obtain the Markov parameters from u
to y is given as

CA; 7 'B i=1,2,..N
N is assigned value to be sufficiently large so that the impulse response can reach the
steady state. The Markov parameters for u to z, d to y and d to z is computed the same
way and by replacing the appropriate matrices accordingly. With all the information
being gathered, it can be rewritten in a matrix form of

o = { 0 1=0 (2.44)

Y =®x¢0+1TU (2.45)
where Y, ®, U are
Y1 CAy U1
Y2 C1*‘4d2 U

Yy = | Us »— | CAS U=| us

Yi CA, U;

while T" is obtained from the calculated Markov parameters, H;, 1 = 1,2,...N

Hy 0 0 .. 0

H, H,y 0 ... 0

r— Hjy Hy H, ... 0

Hy Hyx-y Hy-o : H

As for the system with disturbances, the state space model can be represented as
Y =&+ 1T,U+T4D (2.46)
where
D=[d dy ds ... d&)]"

From equations (2.45)) and (2.46)), ® and I' can be used for the prediction part from the
Kalman filter for the model predictive control strategy in the next chapter.

2.5 Operating Window in Steady State

In this section, the operating window of the MQT system is featured. We elongate the
study and analysis around the steady state to acquire its comportment and to develop
the operating window which is sets of set points selection boundaries. These operating
windows give some basic ideas and guideline on choosing the appropriate set points in
certain specific conditions of operations.

At steady state, the outflows and inflows of each tank are identical. Therefore, (|2.4))
in combination with can be combined into

Gi,s = Qins +q3s =N F1 s+ (1 —y2)Fo s+ F3 6 (2.47a)
G2,s = @2,in,s + qas = VoFo s + (1 — 1) F1 s + Fas (2.47Db)
43,5 = Q3,in,s + F3,6 = (1 — 72) Fo s + F3 ¢ (2.47¢)

)

q4,s = 44,in,s + F4,s = (1 - ’71)F1,s + F4,s (247d
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(a) With F3=F; =0 (b) With F3 = Fy =25
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(c) With Fy = Fy =75 (d) With F3 = Fy = 100

Figure 2.15: Operating window with ~; in the RHP

F 1— ) Fy s+ Fy o\ 2
my . = <71 1s + (1 —72)Fos + 37S> (2.48a)
(€51
F L—y)F s+ Fyu\?
S (’Yz 2s + (1 —71)Fis + 4,3) (2.48b)
(6%))
1= o) Fos+ Fyq\2
- <( 72)Fos + By, ) (2.48¢)
a3
1—y)F .+ F\?
Mas = <( M)F, + B, ) (2.48d)
(67)
hi,s = ﬁimi,s 1=1, 27 3’4 (249)

If the liquid heights in Tank 1 and Tank 2, h; s and hs s, are specified, the corre-
sponding masses, m1 s = h1s/81 and mas = has /B2, would also be specified and so would
the outflow rates from Tank 1 and Tank 2, ¢1 s = aiy/Mmis and go s = az,/May 5. Conse-
quently, the required steady state manipulable flow rates, Fy s and F5 ,, must satisfy

4! 1= [F1,s q1,s — I35
= ’ ’ 2.50
{1 M ] [Fz] [qzs - F4,s] (2.50)
—_—

=M
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(a) With F; = Fy =0 (b) With Fy = Fy =25

50

M

h2

40

40 50

(c) With F3 = Fy =75 (d) With F3 = Fy = 100

Figure 2.16: Operating window with ~; in the LHP

The coefficient matrix, M, is singular when

det M =172 = (1 =7)(L =72) =0 (2.51)
i.e when
=1—m (2.52)
and (2.50) does not have a unique solution. When det M # 0, (2.50) has a unique
solution given by
~1
Fis Mo l=m Qs — F3
S| _ : ; 2.53
[FQ,J [1 -7 72 Go,s — Fus (2:53)

For the case when det M = 0, an extra condition, e.g. F} s = Fy s, can be used to obtain
a unique solution. In the case F s = F3 ,, the unique solution is given by

Fis=F,= Qs —Fss 20— Fus
N+1=7) T-=m)+

if it exists. The solution only exists if the latter equality in (2.54) is satisfied. To solve
(2.53), temporarily let b1 = (¢g1,s — F5,5) and by = g2 s — Fu s

Fi 1 |y2br — (1 —72)be
|:F2,s:| detM [71b2 = (L =m)bs (2.55)

(2.54)

With the manipulation of (2.55|) the equation can be transform into two condition,
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Condition 1: det M > 0

1— s F, s
gi! < q2, 4, < 72 (2.56)
! s —Fis — 1=
Condition 2: det M < 0
L~ F 1—
V2 < q2, 4,5 < 71 (2.57)
1- Y2 q1,s — F4,s Al
By inserting (2.49) into (2.13]) and 7; is given by,
Y =12 (2.58)

Ui:\/E

the possible feasible region of set points of the heights in Tank 2, hg s can de determined
by
hoap < ha,s < houb (2.59)

where ho 5 and hg .y, is upper and lower bound of hy respectively with

hogp =

_(1_71) (771\/51,5 — F3,s) + F4,s_

71

2

h2,ub -

_(132;2> (nl\/ﬁl,s - F3,S> + F4,s-

2
This corresponds to solving
f(xm Us, dsvp) =0 (260&)
Ys = g(frs,p) (260b)
zs = h(xs) (2.60c¢)

for x5 when ug, ds and p are given.

We derived and investigated the steady state to determine the possible feasible region
of set points and a suitable operating window for the modified quadruple tank system.
It is non trivial decision to choose the appropriate range of set point, hy for certain
conditions such as the value of ; and disturbances F3 and F; with min and max bound
of disturbances selections is 0 < d < 100. The simulation of the analysis shows the
possible region of setpoint selections.

The white region in Fig[2.15]and Fig[2.16shows the operating window that is feasible
for different disturbance conditions. Referring to Fig[2.14a] and Fig[2.16a] although the
feasible region to choose ho is wide, it can be seen that it is bounded with upper and
lower limits, and if we refer to Fig[2.14d and Fig[2:16¢]it is almost not possible to choose
the middle set points. Comparing Fig[2.14d] and Fig[2.16d] with a different selection of
the fixed fraction of the water flow ~;, the modified quadruple tank system is able to
operate at the maximum value of disturbances during LHP operation.
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2.6 Summary

The first essential part of the research work which is the comprehension of the MQT
system is presented in this chapter by extracting the governing equations of the system
and expressing it in a structured mathematical model through simulation and analysis.

e The presented model which is provided in Paper[A]describes the modified quadru-
ple tank system as a deterministic and stochastic ordinary differential equations
(ODEs) model. In particular, it was presented how step tests can be conducted
and used to identify the transfer function from the normalized step response.

e The steady state analysis is investigated in order to develop an operating window
to determine the selection of set points since not all set points combinations are
possible for the system to attain its desired outcomes. This operating window for
the MQT system is also presented in Paper [A] it is not negligible and useful for
future controller design.

e The chapter has also illustrated how linear models of MQT processes can be
obtained by linearization and discretization, and then we reconstruct the structure
of the model to make it more presentable by using Markov parameters so to have
a model that is suitable for computer control analysis, as exhibited in Paper



CHAPTER 3

State Estimation

This chapter focuses on the state estimation for the estimator part of the MPC by
incorporating a Kalman filter. The Kalman filter consists of two parts, the filtering part
and the predictions part. The filtered part is utilized to estimates the current state
based on the model and the measurements whilst the prediction part is used by the
constrained regulator to predict the future output trajectory, given an input trajectory.
In this chapter, a brief introduction of state estimation is presented and in the next
section description of the Kalman filter is provided. The Static Kalman filter algorithm
derived from the Discrete-time Kalman filter is considered in this study. Finally, in
assuring to have an offset-free control, a disturbance model is included in the model of
the system and the formulation is presented in the final section.

3.1 Discrete-time Linear System for State
Estimation

The block diagram in Fig[3.1] shows that the MPC implementation segment consists of
an estimator and an optimizer. The state estimation is the core of the MPC since the
estimator incorporates feedback into the MPC and provides estimation to the optimizer
or regulator to proceed in the next step for predictions.

In order to predict the future dynamic behaviour of the MQT system, it is important
to have an estimation of the current states of the process since it is unknown and cannot
be measured directly. Therefore the state of the process, zp need to be estimated and
this can be done by the measurement of the process which is somehow related to the
state.

To this end, the discrete-time linear stochastic state space model derived in section
24lin the form of

Tr1 = Agxy + Bauy + Eqdy, + Edwy, (3.1a)
yr = Cazp + vy (3.1b

subject to
Wg ~ N(O, Q), VE ~ (0, R) (3.2)

where the process noise wy and measurement noise vy are distributed as

] ) [ 7)) 5

where R and @ is the covariance matrix of measurement error, wy and disturbances
variable, vy accordingly, S is the covariance matrix between disturbance variable, vi and

33
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Figure 3.1: Block diagram of the control structure for the
MQT system process

measurement error, wy. The covariance matrices Q, R, and the cross-covariance matrix
S are positive definite and symmetric. The distribution of the initial state is given by

xo|—1 ~ N(Zo—1, Po-1) (3.4)

and is independent of process and measurement noise.

3.2 Kalman Filter

Given the measurement is y, with &k = 0,1... N, the discrete-time interval [0, N] and let
YN represents the set of measurements from discrete-time k =0to k= N

YN:y07y17"'ﬂyN (35)

The main aspect in the state estimation problem is to obtain an estimation of state,
Ty, from the current state, xy, based on the measurement data, yy at time k and in
order to obtain this state estimation, Kalman filter is used. It is a recursive approach
based on R.E Kalman [27] where the main role of Kalman filter is to minimize the sum of
squared errors between the current state, x) and the state estimation, 2. For optimum
filtration, the estimation model is assumed identical to the real system, both process and
measurement noise is assumed white and the source of the covariances of the noise is
assumed precisely known.

There are two sets of recursions of Kalman filter for the discrete-time stochastic
model, first is the filter part (a data update) where the filtered variables is based on the
current measurement, (k|k) and the other one is a step prediction part (a time update)
where the predicted variable depends on the previous measurement, (k|k — 1).
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Given the data set Yy, the conditional expectation of the state, xj and the process
noise, wy is computed in relates to the filtered part.

i‘k|k =F {i’k|Yk} (3.6&)
UA)k|k =F {wk|Yk} (36b)
associated covariances of the state estimate is

(3.6¢)
Pk\k =Var {Lﬁk|Yk}

Given the data set Yy, the conditional expectation of the state, xj is computed in relates
to the prediction part.

Epprpe = E{ZrpanlYa ) (3.7a)
Preirje = Var {Ze1elVi } (3.7b)

3.3 Discrete-time Kalman Filter

In this section, the details of discrete-time Kalman filter implementation is presented. In
the algorithm, unknown variables are estimated from the MQT system which is defined
with disturbance and measurement noise. Assuming at stationary point ¢ = ¢, and the
measurement y = y(ty), the filtering part can be performed by calculating

Urlk—1 = Cpjr—1 (3.8a)

ek = Yk — Uklk—1 (3.8b)

Tk = Trpp—1 + Kferer (3.8¢)

Wy = Krwer (3.8d)

Tpg1p = Ape + Bug + Wik (3.8¢)

by using the coefficients

Rep=CPyy1CT+ R (3.9a)

Kok = Por—1CTR_ (3.9b)

Ko = SR, (3.9¢)

and the following expression for one-step prediction can be achieved
Prgri = APy AT + Qu — AK o 1 ST — SKT, AT (3.10)
Computations of the Kalman filter

With the initial condition given by equation and at sample k& = 0, the recursive
computation of the static Kalman filter starts. New measurement of the system, yx, is
given to the state estimator for every sample of k£ = 0, 1, 2... where ey, is the error between
the actual measurement, y, and the predicted measurement, gy ,—; is computed, as
shown in equation . From equation the predicted measurement is predicted
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from the actual measurement, y; at sample k but computed at sample k — 1 provided
by a set of data from y;_; and based on the one-step prediction as in equation .
The one-step prediction, Zy;—; is the prediction from the current state, zj, at sample
k which is computed at sample k£ — 1. The filtered state estimation, equation is
computed using e and Z,—1 and the filtered process noise, equation is estimated
by using e. Finally the one-step prediction given by equation is computed for the
Kalman filter to prepare for the next process measurements.

3.4 Static Kalman Filter

The static Kalman filter follows the same structure as the discrete-time Kalman filter
but for static Kalman filter, the covariance matrix Py, is kept constant. Moreover,
it is taken as in the limit ¥ — oo and with this assumption, the computation can be
performed as Riccati equation. From equation it can be rewritten into a difference
equation form as

Piiajk = APy—1 AT + Q — (APyj—1C" + 8)(CPyjj—1C" + R) ™ (APyj—1C" + )T
(3.11)
P signifies the stationary one-step ahead state error covariance matrix obtained from the
Discrete-time Algebraic Riccati Equation (DARE), yielding the following expression

P =APAT 4+ Q — (APCT + S)(CPCT + R)"H(APCT + 5) (3.12)

and in the stationary condition, the coefficients in equations (3.9) can be simplified as

R.=CPCT +R (3.13a)
K, = PCTR;! (3.13b)
Ky =SR! (3.13c)

and these coefficients is computed offline.

Since by using this limit as an approximation to the one-step matrix and the Kalman
gains, Ky, and K, becomes constant matrices, it will lighten the complex computations
of estimating the current state, xj. From equations the filtration and estimation
updates for the static Kalman filter are computed. By solving the Riccati equation in
equation , the stationary covariance matrix P is obtained and the computation
depends on the noise covariance matrices @, R and S.

3.4.1 Simulation for the Static Kalman Filter

The simulation for the static Kalman filter started with equation with given inputs
up and dy at some random initial condition xg and constructed forward in time states,
measurements and outputs. The stochastic variables were simulated beforehand with an
appropriate mean and covariance. The command randn in Matlab was used to produce
the stochastic realizations by using Cholesky factorization and a seed for randn was set
to always have the same realization of noises for the simulations.
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Figure 3.2: Disturbance Step Input F3 and Fj for
Condition 1 and Condition 2 respectively

For testing purposes, the step change in the disturbances of F3 and F} is applied at
t = 50min, realized as 20 units of deviation from the steady state, as shown in Fig[3.2]
individually for Condition 1 and Condition 2 respectively.

The simulation was done for 120 minutes with 30 seconds of sampling time. The
simulation results for Condition 1 and Condition 2 are presented in Fig[3.3] and
Fig[3.4] respectively. The role of the static Kalman filter is observed by comparing the
measurements responses. The blue lines (Unfiltered) represents the actual measurements
and the red lines (Filtered) represents the corresponding predicted measurements. It can
be observed that the static Kalman filter performed satisfactorily where it estimated a
prediction compatible with the simulated data with the effect of the step change in the
disturbance variables, d = [F3 Fy]T. This shows that with a step change included, the
algorithm has the ability to predict both simulated measurements and outputs.

Generally, it can be clearly seen that the filter is well performed tracking the output
trajectory from the noisy measurements and also it can cope well dealing with an impact
of the unknown disturbance step. Throughout the following chapters, the static Kalman
filter will be incorporated in the MPC design and implementation for the MQT system
since the covariance matrix Py ,_; is kept constant and the computation of the controller
is lightened due to the fact that covariance P ) converges to equilibrium rather fast.
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Predictions from the Static Kalman Filter

For future output prediction, the filtered state estimation, &y, is applied as the initial
value and the filtered process-noise is included in the one-step prediction as given by
equation . As for the predictions of the entire horizon, IV the process noise estimate
W4, = 0 for j > 0 since wy, and vy, are correlated only for the current k. Thus, the state
prediction for the next step, (j + 1) can be computed by

Tpyrpjie = Algyjik + Bukyjik, J=12,.. (3.14)

3.5 Offset-free Control

Uncertainties of parameters and hardware accuracy or limitations could lead to model
mismatch and unmeasured disturbances, consequently instigating an offset. Due to this
offset, the performance of the control system can be affected. Since model predictive
control is a model based controller which the performance is fully dependent on the
dynamic model of the system, both unmeasured disturbances and model mismatch should
be taken into account to intensify the robustness of the controller.

For simulation purposes, we can choose any inputs for the plant to produce the
desired output but at the same time, it has to be realistic. In closed-loop simulations,
the inputs are computed for the next iterations to solve the optimization problem and to
simulate the output responses of the system but the values computed by the controller
cannot be simply implemented due to the accuracy and limitation issues. This could be
considered as additional unmeasured disturbances in the existing disturbance variables
and model mismatch.

Therefore, for practical purposes and to resolve this issue, an offset-free control con-
cepts is applied where an augmented system from the original system is used. The system
can be modified in many ways depending on the augmentation of the states. One way
is to add the integration of the tracking error to the model of the system or to include
a velocity form of the state space model or to modifies the model of the system by
adding input or/and output disturbance model. Each and every approach has its own
advantages and drawbacks [23].

In this thesis, the latter approach is used to achieve an offset-free control but only
the input disturbance is included. This approach is considered due to the fact that by
abolishing the output disturbance model, it would reduce the computational time of
solving the equations of the system substantially [23].

3.5.1 Input Disturbance Model

A new stochastic model is formulated by introducing an input disturbance variable, 7 as
a separate state variable of the model which affects input, « in the form of Uy, + 7 where
the matrix dimensions are similar. Hence, the model for the additional disturbances is
given by

1 0
M1 = Ak + & A= { 01 } (3.15)

where &, ~ N(0,Q¢) is a stochastic variable equivalent to wy, and v; and taking Q¢, =
I+12
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The offset-free model can be written by rephrasing the linearized continuous stochas-
tic description of the system from equation ([2.36]) by tallying the new disturbance vari-
able, giving a discrete model in the form of

Xp41 = AXy + B(Ug + 1) + E(Dy, + wy,) (3.16a)
Mey1 = AiXp + &k (3.16b)
Yi = OXp + vy (3.16¢)
Zy = C.X), (3.16d)

Then, equation (3.16)) can be rewritten in terms of the extended states and noises,

> Xk o Wy
X = = 3.17
-] welw] 610
therefore, the new stochastic model for offset-free control is
Xis1 = AcXyy + BUy, + EeDy, + Gy, (3.18a)
Yi = Co Xy + v (3.18b)
Zy = O Xy, (3.18¢)
with the new matrices is given by
A B B E
=0 2] w-[0]) == (7]
E 0
Ge:[ ‘ I] C.=[C 0] Coo=[C. 0]

3.6 Summary

The concept of state estimation and the importance of estimating the current state in
contributing the output predictions are briefly described in this chapter. Besides that, a
brief description of the Kalman filter is included to have an overview of the filter as it is
incorporated for state estimation and output predictions.

e Based on the model and the measurements, the current state of the MQT system
was estimated and the algorithm from the static Kalman filter is able to compute
the output predictions.

e The static Kalman filter is incorporated in MPC design and implementation for
the MQT system since the covariance matrix, Py,_1 is kept constant and the
computation of the controller is lightened due to the fact that covariance P
converges to equilibrium faster. This can be seen in Paper [B]where the comparison
between the dynamic and static Kalman filter was presented.

e The stationary one-step ahead state error covariance matrix obtained from the
Discrete-time Algebraic Riccati Equation (DARE) to complement the MPC design
and implementation.

e An input disturbance model is introduced to model the impact of the immeasur-
able disturbance to achieve an offset-free control.
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Model Predictive Control

This chapter provides a demonstration of model predictive control implementation for
the modified quadruple tank system. We give an overview of the MPC theoretically
and describe the formulations mainly designed concurring with the MQT system. The
demonstration of the controller implementation complete with the derivations of the
equations including unconstrained MPC and input constrained MPC is presented in this
chapter as exhibited in Paper [C] Additionally, the input with soft output constrained
MPC is included to further investigate the performance of the MPC. All results from the
simulation works are compiled in the next chapter.

4.1 Unconstrained Model Predictive
Controller

In this section, we develop unconstrained model predictive controllers based on the
discrete-time state space models as in equation (3.I). Having designed the Kalman
filter for the MQT system, the regulator will be implemented to form the complete MPC
framework in Fig[T.3]

The control task is to track the setpoint trajectory as a quadratic optimization
problem by developing an objective function that will minimize the deviation of the
predicted output trajectory from the setpoint trajectory,

L N [Nl
. 2 2
min §Z\|zk—rk||Q2+§Z”AukHs (4.1a)
k=1 k=0
s.t.
Tk41 = Az + Bup + Eq, k=0,1,...,N—-1 (41b)
2z = Cpayp, k=0,1,...,.N -1 (4.1c)

From equation ([2.46)), Z can be expressed in a matrix form of

Zk = (DIO + FuU + FdD (42)
where Z;, and Ry are
z1 1
z9 T2
Zy = ) Ry =
ZN TN

Uk, Ri and Z; are deviation variables vectors. The weight matrices @), and S in
equation (4.1)) are realised as diagonal matrices since we want to penalise the deviation of

41
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Tank 1 and Tank 2 from the desired targets, as well as large steps in the input variables,
respectively.

In minimizing the objective function, equation (4.1 it can be expressed in a compact
form as

min ¢ = .+ dau (4.3)

The first term in the objective function is related to the desired target and the main part
of the least squares minimization problem. It ensures that the system reaches towards
the desired target values, r; and 7.

1
6= = 31121 — Rall3,

1
= 5 ((I)Io +TU +TyD — Rk)2 (4'4)
Q. (Pxo +TU, +TyD — Ry)
Let
bk = Rk - (I)JTO - FdD (45)

and now we can express the problem as QP in minimizing ¢, an objective function based
on the controlled variables.

¢. = % (TU, — bi)" Q. (TUy, — by,)
?UEFTQZFU,C — (TTQ.bx)TUL + p (4.6)
=UrH. U, + gTU, + p

where

H,=T17Q.r (4.7a)
g9- = —T7Q.by (4.7b)
= TTQ.Ry +T7Q.®,, + I Q.TyD
= MgpRy + M, xo + MyD

p= % (b"Q.bx) (4.7¢)

Since using the objective function based only on the controlled variables is insufficient, we
include the input variables, ¢, in the objective function as the second term. The second
term is the regularization term, which ensures smooth input solutions which minimize
the difference of u from the previous input to have less error.

1 N—-1
min bau =5 3 A (43)
k=0

We want to rewrite this problem into standard QP. First, we want to derive ¢a, using
similar approach to ¢, but Au needs to be expressed in terms of uy,

AUQ () U_1
_ A’LLl U1 —wo 0
Auk o A'LLQ o U2 — U7 0 (49)
A’LL;), us — u2 0
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To have better formulation, we introduce A, Uy and I as

I 0 0 0 U I
|- T 0 o0 | w 1o
A=19 1 1 o Uk = U =14
0 0 —I I us3 0

where I denotes an identity matrix of the size of u, Iy denotes the block vector with I
in the first entry while having zero matrices fill up the rest of the rows to have the same
row-size as matrix A, then Awu; can be rewritten as

Aup, = AU, — Tou_q (4.10)

We expand equation by substituting with equation and the objective function
P Ay yields
¢au = 5[|AU, — Iou_s|[}
= LUT (ATSA) Uy + (—ATSIgu_1)" Ui +p (4.11)
= §U;?HA“U1< + gguUk +p

where
Hp, = ATSA (4.12a)
ga, = —ATSIyu_y (4.12b)
=M,_1u_y
1 _
p=3 (UF15S) (4.12¢)

Combining equation (4.6) and (4.11)) and p is disregarded as these are constant, resulting
an optimization of the deviation from the setpoint (reference trajectory) and the input
variables given as equation (4.1) becomes

min %U,Z HU, + ¢"U, (4.13a)
s.t.
Tpy1 = Az + Bup + Eq,, k=0,1,...,N—-1 (4.13b)
zr = Cypxy, k=0,1,...,N (4.13c¢)
where
H=H.tHs, g=g-+0a, (414)
MPC computation when stated as a QP is solved by first computing
g=MpRy + My xo+ MgD + M,_1u_; (4.15)
then solving the QP
u*=—-H g
= —H ' (MgrRy + My 20 + MyD + M, _qu_1) (4.16)

= LpR+ Lyyxo + LyD + Ly_ju—1

with the first block row of Lgr, Ly, L4, L,—1 is given by Kgr, K., K4, K,,—1 and the
optimal control law is

’U,S = KgrR+ KEOZ,EO + KD+ K,,_1u—1 (417)
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4.2 Constrained Model Predictive
Controller

An optimal control decision for unconstrained MPC could affect the flow of the liquid.
It could be applying negative flows into the two controllable pumps, giving an impact of
sucking the liquid out of the tanks. It also could be inviable changes in the flow rates due
to potential mechanical limitations or the rate at which the control input can be changed
is bounded. Therefore, to avoid infeasible decisions by the controller and to ensure that
the MQT system works under a secure condition without damaging any mechanical parts,
we introduced the constraints to allows the controller to decide an optimal control moves
within certain bounds. MPC is well recognized for this advantages and we will show the
implementation of MPC with constraints classified as input and soft output constraints.

4.2.1 Input Constrained MPC

To make the simulation of the model-based controller on the MQT system more realistic,
we considered two different hard constraints; first is the one that sets the upper and lower
bounds on the manipulated variables, tmin < U < Umaee and the other one is the rate of
change in input, Atmin < Au < Atpmge. The formulation of the problem is the same as
stated in equation but subjected to constraint it becomes

min 1i\]:ﬂz — 7|2 —l—}NzélHAu |2 (4.18a)
v 2k:1 ’ He: 2 k=0 H .

S.t.

Thy1 = Az + Bup + Eq, k=0,1,...,N -1 (418b)
2, =Cpx, k=0,1,...,N—1 (4.18¢)
Umin < Uk < Umae k=0,1,...,N —1 (4.18d)
Atpin < Aup < Atpee k=0,1,...,N -1 (4.18¢)

In standard QP form, this can be written as and the inequality constraints referring
to equation needs to be updated at each iteration since it contains the input
variables form the previous step, uy_1|x. In developing the simulation code for the input
constraint MPC, the Hessian matrix is obtained by offline computations, essentially the
same as the unconstrained MPC but the calculation of the inequality matrix and the
corresponding upper and lower bounds are set beforehand. Likewise, during the regulator
process, equation is supplied as upper and lower bounds to the quadratic solver
in Matlab and the 2 inequalities in equation are formulated in the form of

Aumzn Up — U-1 Aumaw
Aumzn Uy — Ug Aumal
< : < (4.19)
Aumin UN —UN-1 Aumaw
Since the first row contains u_; this can be written as
Aumin +u_q g Uug < Aumaw +uU_1 (420&)
Umin < uo < Umazx (420b)
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and the rest of the rows are arranged in the form of

Aumm —I I Uo Aumax
Atpin -1 1 Uy AU

< < (4.21)
Aurnin -1 I UN -1 AU/n’u:m

which can be simplified as
AUmzn < AUk < AU'm,am

Therefore, an optimization of the deviation from the setpoint (reference trajectory)
and the input variables becomes

1
%n¢=§¢Hm+fm (4.22a)
s.t.
Umin < Uk < Umaw (422b)
AUmin < AUk < AUmax (422C)

where H and g is as given in (4.14). The optimised input is returned and the first two
entries obtained and applied in the next iteration, similar to the previous unconstrained
MPC.

4.2.2 Input and Soft Output Constrained MPC

Since both unconstrained and input constrained MPC is derived in the previous sections,
we also need to include the output constraint. A feasible approach to introduced any
constraints on the controlled variables is to directly add hard constraints as shown in

section L.2.1]

Zmin,k <z < Zmax,k (423)

Generally, the output constraints should not be violated, but due to unknown distur-
bances and noises, it could be violated and the QP would have no feasible solution which
can cause an abrupt stop to the controller. The more sophisticated way of introducing
constraints on the controlled variables is to ensure that the QP is able to yield a solution
to the controller by adding a slack variable, 1 to formulate the soft constraints,

Zk < Zmax,k + Nk k= 1,2, ..N
2k < Zmink — Mk k=1,2,..N
g 20 k=1,2,..N

significantly by introducing a penalty term in the objective function to allow the output
constraints to be violated should the physical constraints are exceeded,

N
. 1
min 6, =53 lml, + T (424)
k=1

Therefore, the input constrained and soft output constrained MPC can be formulated as
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w25 el + S Il s+ L3 ol 42s)
i 22 k= Tkllo, 2 2. Mklls, T 8y + 5 2 ks .

s.t.

Thpr = Az + Bug + Eq. k=0,1,...,N—1 (4.25b)
2 =Crxr k=0,1,...,N (4.25¢)
Umin < Uk < Umae k=0,1,...,N—1 (4.25d)
Atpin < Aup < Atz k=0,1,...,N—1 (4.25¢)
2k € Zmazk +Me k=1,2,..N (4.25f)
2k L Zmingk — M k=1,2,..N (4.25g)
=0 k=12 N (4.25h)

We want to rewrite the objective function into QP form and the new term in the
objective function from equation (4.24) is formulated as

¢s = %nTHnn +ga1 (4.26)
by introducing
m
n= | (4.27)
n}v

where the Hessian and gradient are

H, 9n
H, = and gn=1: (4.28)
Hy, 9n
Equation (4.25)) can be augmented and rewritten into matrix notation such as

T T
. 1{U H 0]||U g] [U}
min = - + 4.29
=3l [0 a)l)e o] @
subject to lower and upper bounds
Umin U Um,afc
< < .
i< <[ (0
and subject to constraints for input rate and output in the following formulation
AUmln A 0 U Apmam
—oo | < |I' =T { ] < | Zmaz (4.31)
Zrmin ror |t 00

Then to have better formulation we simplified the system by introducing U, H and g in

the form of
= H 0 - U _ g
H: U: =
{O Hn] {7]] g [gn}
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The lower and upper bound can be simplified as | < U < u and the contraints for input
rate and output can be simplified as b; < AU < b,. The standard QP is given as

1 - = _
min & = 5UTHU +37U (4.32a)
S.t.
I<U<u (4.32b)
by < AU < b, (4.32¢)

4.3 Summary

One of the main objectives of the study is presented in this chapter. The implementation
of Model Predictive Control for the Modified Quadruple Tank system is developed and
demonstrated through simulations based on the state space model derived in the previous
chapters.

e The first part of the chapter deals with the formulation of the unconstrained MPC
based on the linear discrete-time state space model. Then the MPC regulation
problem which is formulated as a quadratic optimization problem is illustrated.
The associated quadratic optimization problem is solved explicitly and all this
explanation is disclosed in Paper [C]

e The second part of the chapter includes the constraints. The formulation of dif-
ferent constrained model predictive controllers is considered and the quadratic
optimization problems resulting from the constrained MPC regulation problems.

e The results and analysis of these MPC algorithms are presented in the next section.






CHAPTER 5

Simulations and Analysis

This chapter shows the closed-loop simulation results and analysis from the MPC im-
plementation for the modified quadruple tank system. MPCs presented in the following
sections are discussed and evaluated with various test cases. The main objective is to
evaluate the performance of the MPC in terms of the behaviour of the system and to
verify should the realisations are physically feasible. The chapter is organized as follows.
The first part of the chapter presents the simulation results from the Unconstrained MPC
and the second part is followed by the constrained MPCs. As for the constrained MPCs,
the section will be divided into two parts, Input Constrained MPC and Input and Soft
Output Constrained MPC. All results from the simulation are compiled and presented
in this chapter.

5.1 Overview

MPC algorithm constructed in Chapter [4] are implemented and tested with several ex-
periments and the performances are analysed based on the capability of the algorithm
of the controller to compensates the disturbances by modifying the inputs such that the
outputs remain close to the reference. In other words, the performance of the controller
is measured based on the observation of the output responses for setpoint tracking. Each
experiment is analyzed with different level of percentage in step input change, however
by using 15% step input change resulting in a perceptible responses suitable for this
study. For simulation purposes, the linear stochastic model is utilized in which noise
is included as a normal distribution to the disturbance variables and the measurement
variables.

Fig[5.1] shows the flowchart of the simulation work for MPC implementation. Starts
with defining the parameters of the MQT system in Parameter.m and in the MPCCon-
trol.m command window, a Matlab function named MPCDesign.m, MPCInput.m and
MPCSimLin.m is developed.

Within the MPCDesign.m function, the Hessian matrices for the corresponding op-
timisation problem are built in Design MPC_Matrices by taking the discrete-time linear
model matrices, condensed LTT matrices and weights of the objective function as inputs
specified in MPCInput.m. The discrete-time linear model matrices is obtained from the
continuous-time non-linear model that has been linearized and discretized beforehand.

In addition, the filter gains of the static Kalman filter that are precomputed sepa-
rately in the function DesignKalman is pass to MPCSimLin.m through MPCDesign.m.
At every stage of the closed-loop, the main task of MPCCompute function is to look
for a solution of QP sub-problem solved with the aid of Matlab utility, QPSolver. Fi-
nally, the variables were transformed from deviation to physical variables and graphs are
illustrated in MPCPlot.m.
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Input h1 [cm]

Input h2 [cm]
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MPCControl.m
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Linearization
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MPCDesign.m }—>{ MPClnput.m )—>{ MPCSimLin.m ‘
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‘ DesignMPC_Matrices ‘ QPSolver

MPCPlot.m

Figure 5.1: Flowchart of the simulation work for MPC implementation
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Figure 5.3: No step input change in F3 and F) for Experiment 1
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A total of two experiments are carried out for each MPC approaches, for Exper-
iment 1 step input change in F; and F5 is considered and as for Experiment 2,
additional step input change in the disturbances of F3 and Fj is included. Results and
analysis of the simulations for each MPCs which was run for 100 minutes of simulation
time is discussed below. The step input changes is initiate after 25 minutes as shown in
Fig[5.2] for the reference trajectory and as for the disturbances for Experiment 1 and
Experiment 2 is as shown in Fig[5.3 and Figl5.4] respectively.

As for the Unconstrained MPC, the associated quadratic optimization problem is
solved explicitly. On the other hand, the second part of the chapter deals with the prob-
lem associated with bounds and constraints in the tanks system subject to the limitations
in the instrumentation, such as the specifications of valves, pumps performance and/or
tanks capacity. These bounds and constraints need to be assimilated and adapted to the
algorithm to have a realistic application.

In this part of the chapter, the formulation of different constrained model predictive
controllers and the quadratic optimization problems resulting from the constrained MPC
regulation problems is considered.

5.2 Closed-loop Simulation for
Unconstrained MPC

In this part of the study, the Unconstrained MPC is implemented to the MQT system
in a way to manifest the function and behaviour of an MPC. It is expected that the
implementation of MPC will drive the system to the set point and the solution to be
as smooth as possible. Moreover, the performance of a first-hand straightforward MPC
can be evaluated. These objectives can be achieved empirically by testing the algorithm
presented in section [£.1] on the above described conditions, influenced by white process
noise and measurement noise.

Fig[5.5] and Figl5.6] depicts the results of the closed-loop simulation for the Uncon-
strained MPC for Experiment 1 and Experiment 2 respectively. The top two graphs
are the output responses and the bottom two presents the obtained inputs w; and wuo
from the MPC. The red line on the output responses indicates the target values for the
output variables and the black line illustrates the measured output.

In Experiment 2, the disturbance variables are initialised such that they contain a
15% step input change in order to evaluate the performance of the regulator in compen-
sating for the upcoming disturbance.

Primarily, from these figures, it shows that the linearized model is a good represen-
tation of the system and MPC is well demonstrated. Both output responses in Experi-
ment 1 and Experiment 2 shows that the MPCs are able to handle the changes when
a new setpoint is introduced and able to reach the new value relatively fast.

The responses show that the system is able to track the references with minimal
overshoot and small transient deviations, keeping the desired height levels h; and hy of
Tank 1 and Tank 2 respectively at the desired set points. The algorithm compensates
the step input change and the step change in disturbances by reducing the inputs to keep
the water levels at the desired reference values.
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Although the MPC managed to compensate the sudden change in inputs and dis-
turbances, note that in order to achieve this circumstance, an abrupt and sharp increase
in the input variables F; and F5 occurred in both experiments which possibly would be
infeasible for real applications. This glitch can be solved by implementing the subsequent
MPC strategy in the next section.

5.3 Closed-loop Simulation for Constrained
MPC

From the previous section, the Unconstrained MPC is able to keep the desired set point
of levels of height in Tank 1 and Tank 2 and compensate for the disturbances. However, it
can be observed that even though the outputs are driven to the reference in all cases, the
inputs present a very high and steep top when there is a sudden change in the reference,
indicates that the water is injected almost instantaneously. This occasion is unacceptable
from the practical point of view and can be stifled by considering the limitations of the
tank system.

Therefore, we would like to incorporate some restrictions in both input and out-
put limits, appear as bounds and equality /inequality constraints in the objective of the
optimization problem as described in section

In this section, the Input Constrained MPC and a combination of Input and Soft Out-
put Constrained is presented and the performance is observed from identical experiments
in the previous section. Each MPC approaches is tested with a different combination
of the boundary of the constraints. Elaboration of the details of the boundary of the
constraints is presented in the designated sections.

5.3.1 Input Constrained MPC

A similar closed loop simulation was implemented and Experiment 1 and Experiment
2 is repeated but in this section, the constraints for the input is included. In practice,
the pumps operates with maximum and minimum flow, [em3/s] and rate of change in
the flow, [em?/s%]. The considered constraints for Experiment 1 is given as

0 < Upin <350 (cm3/s)
-20 < Au <20 (em?/s?)

and for Experiment 2 is given as

0 < Unin <310 (ecm?/s)
20 < Aup <20 (em3/s?)

Fig[5.7 and Figl5.§8 represents the output of the simulation in response to a set point
change with the same condition of reference trajectory and disturbances as described
earlier in Experiment 1 and Experiment 2 respectively.
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From both experiments, it can be seen that the output responses of h; and hy are able
to track the new set point with satisfactory performance although the transient properties
are slightly deteriorated due to disturbance compensations from the input constraints
and the capacity of the tank system. Consequently, it is physically impossible to stream
the water to the tanks instantaneously so that the output responses able to reach the
reference trajectory momentarily.

Referring to the flow of F; and F; for both experiments, it is noticeable that the water
flow is within the boundaries but due to the constraints, it affects the flow by preventing
the development of the abrupt peaks and causing a plateau for smoother flow, indicating
that the rate constraints results in a more well-behaved flow characteristics with a slight
loss of transient properties and the algorithm compensates the peaks in the disturbances
by decreasing the inputs. Note that the constraints for maximum flow for Experiment
1 (350cm?/s) is higher than for Experiment 2 (310cm3/s). These values are chosen
based on the flow shown in Fig[5.5] and Fig[5.0] in order to eliminate the sharp increase
accordingly.

With input constraints, the controller is capable of operating within the limit bounds
but with an acceptable drawback of transient response in the outputs and the amount
of computation required is higher compared to the unconstrained controller. Next, we
would like to include the soft output constraint in the algorithm to have more stringent
outputs to signify the real application.

5.3.2 Input and Soft Output Constrained MPC

In real experiments, each tank has a certain limit of capacity to hold the water while
the water flows in and out of the tanks, depending on the process. The capacity of the
tanks should be taken into consideration to avoid overflow. Problems might occur should
the reference value is given to the algorithm such that the level of the water in Tank 1
and Tank 2 exceeded the maximum level. Therefore, this limitation is incorporated in
the optimization sub-problem, act as a safeguard for the algorithm to produce feasible
outputs if given any reference trajectory that drives the outputs above the threshold.

In this section, the closed-loop simulation was implemented similarly to the Input
Constrained MPC except, in this case, we want to further augment the criterion function
by introducing the soft constraints to the regulator as shown in section Exper-
iment 1 and Experiment 2 is duplicated from the previous section but with rate of
change in the flow, [em3/s?] given as

-10 < Au, <10 (em3/s?)
and additional soft output constraints as in equation [4.23| given as
0 < 2z, <12
In Experiment 2, the maximum and minimum flow, [em?3/s] is given as
0 < Unin <300 (ecm?/s)

For Experiment 1, the results is presented in Fig[5.9 and for Experiment 2, the
result is presented in Fig[5.10] It is noticeable that on the output responses, the green
dotted lines represent the soft constraints on the target values, giving r,., = 120 and
Tmaz = 109 for hy and hs respectively.
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From observation, the output variables stay within the boundary of the soft con-
straint, remains below the threshold set by the capacity of the tank even though the
reference is higher and able to track the setpoint changes in an acceptable performance
of transient response. This indicates that the soft output constraint utilized act as a
safeguard where it realizes a relaxation around the reference value while keeping the
system from exceeding the limits.

Additionally, referring to the first experiment in Fig[5.9] the flow of Fy is within the
boundaries and rather smoother compared to the previous approach which is the Input
Constrained MPC, but the control algorithm could not suppress the step input in the
reference trajectory for the flow of Fs, resulting a sharp peak making it infeasible for real
application. This could be different should the upper boundary of the flow, i, (cm?/s)
is given with a lower value particularly for input F5 to compensate with the changes of
input without changing the upper boundary of the flow in F}. This behaviour can also
be seen in the second experiment in Fig[5.10| but since the upper boundary of the flow
is lower than the first experiment (300cm3/s), the controller managed to eliminate the
sharp peak and not violating the limit of the soft output constraint. Besides, the element
of oscillation is more noticeable in the flow of input variables, F} and F5 in comparison to
the previous approaches but the output responses in h; and he shows good performance
of transient response and very smooth output responses.

5.4 Summary

This chapter is the continuity of the MPC algorithms described in the previous chapter.
Three MPC algorithms namely Unconstrained MPC, Input Constrained MPC and Input
and Soft Output Constrained MPC is tested with two experiments, each with a different
condition of inputs and disturbances and the results is demonstrated and analysed in
this chapter.

e The overview of the closed loop simulation and analysis of the MPC demonstration
is presented in the first part of the chapter. The condition of the experiments
executed and the illustration of the Matlab simulation is explained.

e In the second part of the chapter, the results for the Unconstrained MPC is
presented and discussed.

e The final part of the chapter deals with the constrained MPC and it is divided
into two subsections. The importance of these constraints is clarified and the
boundaries of the constraints are specified. First, the Input Constrained MPC
is presented complete with results and analysis followed by the Input and Soft
Output Constrained MPC.



CHAPTER 6

Conclusion

In this chapter, the conclusion of the thesis is outlined based on the objective of the
study. We featured the conclusions from each phase of the research project which we
highlight and summarizes the important work done and significant results.

In this thesis, the Modified Quadruple Tank (MQT) system is studied and modelled
then the Model Predictive Control (MPC) strategy is implemented and demonstrated.
In that effort, we developed the deterministic and stochastic linear discrete-time state
space models for the tank system and derived the static Kalman filter algorithm for
state estimation. The filtered part of the state estimation is used to estimates the
current state whilst the prediction part is used to predict the future output trajectory.
The models of the MQT system and the state estimation from the Kalman filter were
used to facilitate the development and comparison of MPC approaches. The importance
of the constraints that represent the physical limitations of the system is described and
the comparison between unconstrained and constrained MPC is presented and discussed.
These controller strategies and the bounds of the constraints were tailored for the MQT
system for the output responses to smoothly reach the set point given a new reference
trajectory.

6.1 Modeling of Modified Quadruple Tank
System

In this first phase, the modified quadruple tank system is presented, a virtual plant of the
system is created and the dynamics of the system is modelled as in Chapter 2] A simple
first-principle model was developed which described by a non-stiff Ordinary Differential
Equations (ODE). The model comprises of deterministic and stochastic non-linear model
is simulated and then the steady state analysis is investigated in order to identify the
transfer function from the normalized step responses and to develop an operating window
for possible selection of set points.

The transfer functions are estimated from the normalized step responses with 10%
step increment of input. This is due to the fact that the responses are the closest to
the actual output responses. An accuracy test was done for noise estimation and by
comparison, the values of variances identified from the transfer functions yield accurate
estimation and the mean values are approximated as fairly accurate. These values are
tabulated for comparison purposes. Subsequently, an analysis of Markov parameters is
executed to determine the sampling time. The discrete-time linear state-space model was
calculated using an MPC toolbox and the impulse response of the system was obtained.
The results show that the step response from the identified transfer functions and the
approximated state space models are identical, validating the estimation.

59



60 Chapter 6. Conclusion

Next, the Linear Discrete-time State Space model representation was realized to
make it suitable for computer control analysis. The model was linearized and discretized
and then the structure of the model was reconstructed by introducing the Markov pa-
rameters to have an observer canonical form with minimal realization. The Jacobian
matrix formation is used by applying the first-order term only of Taylor expansion for
linearization and assuming the zero-order-hold (ZOH) of the variables at specified sam-
pling points is applied for discretization. As for the conclusion, a model that represents
the dynamic of the modified quadruple tank system in the form of Linear Discrete-time
is methodically realized and set for the next phase.

6.2 State Estimation for the Discrete-Time

Linear System

A Kalman filter algorithm for state estimation is developed in this part of the thesis.
The rationale and importance of the estimation are highlighted in Chapter [3] where the
state estimation is provided to the estimator part of the MPC and to accomplish this, a
static Kalman filter is incorporated. The filter’s algorithm is derived from the discrete-
time linear model obtained in the previous chapter. The feature of the Kalman filter
is that it minimizes the sum of squared errors between the current state and the state
estimation. Thus, the current state of the MQT system was estimated and the output
prediction was computed from the static Kalman filter’s algorithm based on the model
and the measurements.

The coefficients are computed off-line and the stationary one-step ahead state error
covariance matrix, P was obtained from the Discrete-time Algebraic Ricatti Equation
(DARE). Then a simulation was done and the measurement response was compared to
observe the role of the static Kalman filter. In conclusion, the prediction is estimated
and the simulated measurements and outputs are predicted. Therefore, the Kalman filter
is considered for MPC implementation in the next chapters.

6.3 Development and Simulation of Model
Predictive Control

The essence of the study lies in this final phase of the research project. The MPC
algorithms were developed and implemented for the MQT system. The aim is for the
controller to be able to track the setpoint trajectory as a quadratic optimization problem.
The objective function was developed in order to minimize the deviation of the predicted
output trajectory from the setpoint trajectory. The predictions part of the static Kalman
filter was utilized by the constraint regulator and the future output trajectory was pre-
dicted. The formulations for MPC is derived and presented in detail in Chapter {4] and
the results from the simulation from a number of experiments are discussed in Chapter
The unconstrained MPC was demonstrated to apprehend the operation MPC without
any restrictions and then followed by the constrained MPC to disclosure its versatility.
In unconstrained MPC, the changes in reference trajectory are successfully tracked
relatively fast with small transient deviations but impractical for real application due
to an instantaneous sharp increase in the flow of input variables. Hence, constraints
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were included in the objective function of the optimization problem to overcome this
issue. First, an input constraint was introduced and then a combination of input and
soft output constraints were included. With input constraint, even though the transient
response is insignificantly degraded, the MPC was well performed, the new set point
was efficiently tracked and the sharp peak in the flow of input variables was successfully
suppressed. It would be more effective if the boundaries of flow of input variables Uy,
can be individually selected as Uyin, and Upin, designated for F; and F, respectively
for the system to have smoother response.

Finally, to avoid overflow in the tanks, the capacity of the tanks is taken into con-
sideration and formed as a soft output constraint. As expected, the output responses
operated normally and smoothly within the output boundaries and the input constraints
were not violated, however, the flow of the input variables discloses oscillation due to the
stringent condition of operation.
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Abstract—Quadruple tank process is a non-linear system,
have multiple manipulated and controlled variables and have
significant cross binding parameters. Furthermore, the modified
system is affected by some unknown measurement noise and
stochastic disturbance variables which make it more complicated
to model and control. In this paper, a modified quadruple-tank
system has been described, all the important variables has been
outlined and a mathematical model has been presented. We
developed deterministic and stochastic models using differential
equations and simulate the models using Matlab. Subsequently,
steady state analysis is included to determine the operating
window for the set points. The purpose to have an operating
window for the system is to distinguish the range of feasible
region to select the set points for optimum operations. Therefore,
in this paper a virtual process plant is created, we investigate
the operating window and construct the model in an appropriate
form for future controller design.

Index Terms - Modified quadruple-tank process, modeling,
simulations, stochastic, steady states.

I. INTRODUCTION

Most of the industrial control tasks deals with systems
which are mostly non-linear, have multiple inputs and outputs
with complicated interactions between these manipulated and
controlled variables and significant uncertainties [1]. These
complicated interactions make the modified quadruple-tank
system a good example to demonstrate the modeling and
controller benchmarking study as discussed in [2], [3], [4].

The main purpose of this process plant is to measure
and control the levels of liquid in the tanks to some de-
sired set points. It has immeasurable disturbance variables,
significant cross binding parameters which cause unwanted
output disturbance when defining the control input in order to
have desired output and needs linearization due to its non-
linearity, which causes further errors into the control loop
[5]. Moreover, due to some modification, it is also affected
by unknown measurement noise and disturbance variables
that are considered stochastic [6]. Therefore, it is important
to have profound understanding of the underlying dynamic
behaviour of the system and its potentials before implying any
control strategies. The modeling of the system with different
approaches have been extensively described in [7], [8], [9]
whereas here it is described by deterministic and stochastic
nonlinear model.

The objective of this paper is to model the modified
system and to specify the model in a form appropriate
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for computational operation and analysis. The quadruple-
tank system is based on [10] and for the modified part,
we include disturbances in the upper tanks to represents the
stochasticity. While [3], [4], [7] has the opportunity to work
with the actual pilot plant, this work is done in a simulation
environment by designing a virtual process plant. Without
an actual process plant, an accurate first-principles model
can be achieved by describing the non-linear dynamics of
system which the equations are derived from the fundamental
physical processes [11]. The conservation of mass is applied
to develop simple first-principle models and we simulate the
system which described by Ordinary Differential Equations
(ODEs) in Matlab [12]. It is a non-stiff ODE system as all
processes occurring on the same time-scale.

We elongate the study and analysis around the steady state
to acquire its comportment and to develop the operating
window which is sets of set points selection boundaries.
These operating windows gives some basic ideas and guideline
on choosing the appropriate set points in certain specific
conditions of operations.

The outline of this paper is as follows. Details of the process
system description will be discussed and the deterministic and
stochastic model will be presented in Section II followed by
the results and discussion of the simulations in Section III. It
is shown that the selection of set-points uniquely determine
the operating window of the system. Lastly, this paper is
concluded in the final section IV.

II. MATHEMATICAL MODEL

In this section we describe the modified quadruple tank
system with all the important parameters are selected and
variables are defined. Next we develop a deterministic model
as well as a stochastic model through the use of ODEs. Then
we consider the operating window for the feasible set point
region through steady state analysis.

A. System Description

The quadruple tank system comprises of four identical tanks
with an outflow at the bottom, a large basin at the lower end
and these tanks are connected via pipes and pumping systems,
as shown in Fig.1.

The pumping system directs a fixed fraction of F; and
F5, denoted as +; that distribute the water to Tank 1 and
Tank 4, and o for Tank 2 and Tank 3 at a rate of g
i € {1,2,3,4} respectively [13]. The values for v; and 7
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Fig. 1: Schematic diagram of the modified quadruple tank
process

X,

Tank 1

differs for minimum phase (RHP) and non-minimum phase
(LHP). The sensors measures the height of water level in each
tank, h,,i € {1,2,3,4} thus, the measured variable is affected
by the noise from these sensors and due to this condition, the
measured variables, y consists of the actual values of the height
and sensor noise. However, for the modelling purposes, we
assumed no noise occurrence and impeccable measurements.

The main purpose of this process is to control the water
level in Tank 1 and Tank 2 to desired set points, therefore
hy and hy is selected to be the controlled variable (CVs), z.
Usually, the controlled variables is a subset of the measured
variable, y.

The states x of the modified quadruple tank system are the
masses of water in different tanks as the states of the masses
changes over time due to the dynamics of the water flow in
and out of each tank. Liquid is added to Tank 3 and Tank 4
resembling external disturbances which is stochastic normally
distributed. The disturbances d are the two unmeasured flows
of F3 and Fy for Tank 3 and Tank 4 accordingly.

B. Mass Balances

The non-linear model of the modified quadruple tank system
is based on mass balances for each tank and the differential
equations is formulated as

L) = plavon() + a5() — u ()

di (1a)
Sma(0) = plaain(®) +0s) ~ () (1b)
Sina(t) = plasn() + )~ () (1)
Dna(®) = plaind) + B~ ) (1)
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TABLE I: Selection of ~; for different operating points

RHP | LHP
v | 045 | 065
2 | 040 | 055

The mass balances (1) constitute the differential equations
in the model describing the states of the system. The initial
values for the mass of water in each tanks at time ¢y are

mi(to) = mi o 1=1,2,3,4 2
C. Inflows

Static mass balances of the two valves is used to obtain the
flow rates from the valves into each of the four tanks.

q1in(t) = M Fi(t) (3a)
@2,in(t) = 72F2(t) (3b)
a3,in(t) = (1 — 72)F2() (3¢)
qa,in(t) = (L —m)Fi(t) (3d)

~1 and ~y, are constants specifying the fixed fraction of water
flow with two operating points, as shown in Table I.

D. Outflows

The height of the liquid and the flow rates out of each tanks
is calculated in this section. Let the measurements and outputs
be the heights, h;. The height is calculated by the relations of
mass and volume of the water in each tank where mass m; in
tank ¢ is given by

where p is the density of the fluid and let V; be the volume
of the water in all the four tanks with an assumption that A;
is the cross sectional area for each tank

Vi=Ah;  i=1,2,34 5)

the height h; of the liquid level in tank ¢ is calculated by the
relations

= i —1,2,3,4 7
p oA [ @)

The flow rates of the liquid ¢;(t) is calculated by applying
Bernoulli’s Principle to each tank which gives the following
volumetric outflow rate

where «; is the cross section of the pipes, g is the gravity, h;
is as given as (6) and «; is

o = a;\/29B;
the volumetric flow rate in the outlet pipes from the tanks are
qi(t) = ai/my i=1,2,3,4 10)

All the parameter values of the modified quadruple tanks
system is shown in Table II.

ql(t) = a; Z = 1,2,3,4 (8)

i=1,2,3,4 C))
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TABLE II: Parameter Values

Par | Value Unit Par | Value Unit
A; | 380.1327 | em? a; | 12272 | em?
g 981 cm/s? P 1.00 g/em3
B; | 0.0026 em?/g || a; | 2788 | em3/sg(t/?)

E. Deterministic Non-linear Model

Let x indicates the state variables, y is the measured
variables, u indicates the manipulated variables (MVs), z is
the controlled variables (CVs) and d is the disturbances. This
can be written as

x=[mi ma mg myl (11a)
y=[h1 hy hs3 h4]T (11b)
u=[n R (11c)

d=[r F]" (11d)

2= [h ho]" (1le)

The measurement from the sensor is modelled as linear
function, this sensor function is defined in the form of

y(t) = g(x(t)) (12)
and output function is defined as
2(t) = h(z(1)) (13)

By referring to (1), (3) and (10) the complete deterministic
non-linear model is represented by the differential equation in
the form of

dx(t
di) = f(x(t),u(t),d(t),p) t € [to, t] (14)
where the parameter vector p is defined as
T
p=lalicy Alico m 72 9 s (15)

F. Stochastic Non-linear Model

In practice, the system can be affected by noise and distur-
bance, therefore it is necessary to consider them in the model.
In this section both process noise and measurement noise
is included in the model of the system, (14) and measured
variables, (12) respectively.

Consider the stochastic system

dx(t) = f(x(t),u(t), d(t),p)dt + cdw(t)  (16)

where w(t) is the process noise that is stochastic and assumed
to be normally distributed, w(t) ~ N(0,R,), due to the
unknown information regarding the distribution.

Let the measurement noise, v(t) signifies the occurrence of
noise from the sensors during the process of measuring in each
tank and it is normally distributed, v(t) ~ N (0, R,). v(t) is
being added to the measured variables, (12) giving

y(t) = g(x(#)) + v(t) (17)

978-1-4799-8251-6/15 ©2015 IEEE

In this work, let the input flow rates be the sum of the
deterministic component and the stochastic component,

wl = ]+ )
l = (o] [ 5:])

and let all sensors be independent and measure the level in
each and every tanks. The measurement noise for all sensors
is assumed to have the same variance,

(18)

19)

Y1 [y \21
Yo ha AL
= = + , 20
y Vs hs Vs (20)
Yy _h4 \21
v, 0] 22 0o 0 o
v ol o 22 0o o
V=0l "N ol lo 0 22 o @h
vy o] [o o o 2

The deterministic and stochastic non-linear model is presented.
The results of the simulation will be presented in the next
section.

G. Steady State Analysis

At steady state, the outflows and inflows of each tank
are identical. Therefore, (1) in combination with (10) can be
combined into

q1,s = q1,in,s + q3,s = ’YIFLS + (1 - WQ)FQ,S + F3,s (223)
G2,5s = G2,in,s + Ga,s = VoFa,s + (1 —v1)F1s + Fu s (22b)
03,5 = Q3,in,s T F3,s = (1 —72)Fos + F3 5 (22¢)
Ga,s = Qains + Fas = (1 —71)F1s + Fu s (22d)
F 1— 7)o+ F3\2
mis = (’Yl 1,s + ( Y2)Fo s + 3,s> (23a)
g
F, 1—)F s+ Fuo\?
Mas = (72 2.6+ ( m)F1s + 4,s> (23b)
Q2
1 =) Py s+ F36\°
m37s = <( ’YQ) 2, i 3¢ ) (23C)
as
1—y)F s+ Fis\?
My = (( 1+ 4@) (23d)
Q4
hi,s = ﬁimi,s 1= 17 27 37 4 (24)

If the liquid heights in Tank 1 and Tank 2, hq s and ho s,
are specified, the corresponding masses, mq s = his/f1 and
mas = has/B2, would also be specified and so would the
outflow rates from Tank 1 and Tank 2, q1 s = ai\/Mmis
and g2 s = aa,/M2 5. Consequently, the required steady state
manipulable flow rates, F s and F» 5, must satisfy

Y1 1—- Y2 Fl,s _ q1,s — FB,S
1—m 2 g q2,s — Fy s
—_—

=M

(25)
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The coefficient matrix, M, is singular when

det M =y172 —(1—=7)(1—72) =0 (26)

i.e when

Y2=1-m 27)

and (25) does not have a unique solution. When det M # 0,
(25) has a unique solution given by

—1
Fl,s _ st 1- Y2 q1,s — F3,s (28)
s l-m 7 G2,s — Fys

For the case when det M = 0, an extra condition, e.g. F; s =

F5 5, can be used to obtain a unique solution. In the case
Fy s = Iy ,, the unique solution is given by

s F: s s F. s
_ N, 35 _ 92 4, (29)
NnAA=7) (@=y)+n
if it exists. The solution only exists if the latter equality in (29)
is satisfied. To solve (28), temporarily let by = (¢1,s — F3,5)

and by = q2,s — F4,s

Figl _ 1 fy2b = (1=72)bs
Fy 6 detM |y1b2 — (1 —m)bs
With the manipulation of (30) the equation can be transform
into two condition,

Condition 1: det M > 0
I—m o B2 — Fy <2

F15:F2,s

)

(30)

Mmoo @s—Fis T 1= G
Condition 2: det M < 0
V2 2 Fys < 1—m (32)
1= = qus — Fus M
By inserting (24) into (10) and 7; is given by,
(&7} .
N = NG 1=1,2 (33)

the possible feasible region of set points of the heights in Tank
2, ho,s can de determined by

how < hos < houp

(34)
where hy, and ho,, is upper and lower bound of ho
respectively with

hop =

[ (1771) <771\/El,s - Fs,s) + F4,s_

71

72

h?,ub =

(1122) <771\/El,s - F3,s) + F4,s
12

This corresponds to solving

flzs,us,ds,p) =0 (35a)
Ys = g(zs,p) (35b)
zs = h(xs) (35¢)

for x5 when ug, ds; and p are given.

978-1-4799-8251-6/15 ©2015 IEEE
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Fig. 2: Multiple steps input for MVs u; and us

III. SIMULATION OF THE SYSTEM

Now that the deterministic and stochastic model is obtained,
we visualized the behaviour of the system and verify the
model by simulations. To have the basic understanding of
the operation and the directions of the water flow, step test
response is applied and observed. To identify the model,
multiple step experiments with different step sizes and level
of noise for all input/output combinations were carried out.

A. Step Responses

The first part of the experiments is implemented to have an
overview of the water flow in the connected tanks by changing
the step inputs. Starts with applying multiple steps to the first
manipulated variable, F; and then followed by the second one,
F5 to the deterministic model, one at a time as shown in Fig.2.
For these tests, ~; is chosen to be on the RHP.

The response is exhibited in Fig.3 for u; set point changes
and Fig.4 for ug set point changes. The system reacts to the
changes quite rapidly and illustrates the dynamic of the water
flow between the connected tanks. Changes in F) results in
deviations of mass of mi, mo and m,4 which represents the
operation of the first pumping system. The operation of the
second pumping system can be seen in Fig. 4 where changes
in F, does not give any effects to the mass of m4 but we can
see the changes of mass accordingly in the other tanks.

B. Transfer Function Identification

Fig. 5 shows the normalized single step response for 10%,
25% and 50% increases in Fy and Fy respectively for the
deterministic model without measurement noise. The differ-
ences between the step increases are insignificant but existent
and this is expected for the non-linear model, whereas the
responses would be identical if the model is linear. The transfer
function, G is estimated from these normalized step responses
fromU to Y ,

Y =GU (36)

From Fig.5 the transfer function for hq and h4 is first order,
for hy is second order and zero for hs. Subsequently, with
input of F5 it can be seen that the transfer function for h; is
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Fig. 3: Responses of mass in Tank 1, 2 and 4 due to u; set
point changes.
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Fig. 4: Responses of mass in Tank 1, 2 and 3 due to us set
point changes

second order, for ho and hj is first order and zero for hy. The
transfer functions identified is as follows:

Y, G111 G
Yol |Gar Ga2| |Un 37)
Y3 Gs1 Gzz| U
Yy Gu G
_ _ 011 _ 0.14
G = 130.25+1 Gz = (1185s2+171s+1)
_ . _ _0.08
Go1 = (15311.352+145.25+1) Gaz = T48.25+1
_ _ _ 0.09
Ga1=0 G32 = Ti7er1
_ _0.08 _
Ga1 = 1135551 Ga2 =0

In the next simulation, to identify the noise, we include
noise to visualize the step responses with measurement noise.
Fig.6 shows three different step sizes (10%, 25% and 50%)
normalized step responses in F; and F5 respectively with low,
medium and high noise. From the transfer function, the noise
is estimated with an assumption that

Y=GU+FE (38)
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Fig. 5: Normalized step response for 10%, 25% and 50%
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Fig. 6: 10%, 25% and 50% normalized step increases in £}
and F5 with noise

where G is the transfer function from input U to output Y
and F is the noise. It is estimated as

E=Y -GU (39)

where Y is the noisy measurement.

Fig. 6 shows the simulation results of the stochastic part
and it can be seen that the process noise, w; is assumed to be
constant.

C. Operating Window in Steady State

In previous section, we derived and investigated the steady
state to determine the possible feasible region of set points and
suitable operating window for the modified quadruple tank
system. It is non trivial decision to choose the appropriate
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range of set point, he for certain conditions such as the value
of ~; and disturbances F3 and Fj; with min and max bound
of disturbances selections is 0 < d < 100. The simulation of
the analysis shows the possible region of set point selections.

The white region in Fig. 7 and 8 shows the operating
window that is feasible for different disturbance conditions.
Referring to Fig. 7a and 8a, although the feasible region to
choose ho is wide, it can be seen that it is bounded with
upper and lower limits, and if we refer to Fig. 7c and 8c it is
almost not possible to choose the middle set points. Comparing
Fig.7d and Fig.8d, with different selection of the fixed fraction
of the water flow ~;, the modified quadruple tank system is
able to operate at the maximum value of disturbances during
LHP operation.

10 20 30 0
h1 h1

(a) With F3 = Fy, =0

10 20 30 40 50

(b) With F3 = Fy = 25

10 20 20 40 50 10 20 30 40 50
h1 hi

(c) With F3 = Fy =175 (d) With F3 = F; =100

Fig. 7: Operating window with «; in the RHP

IV. CONCLUSION

In this paper the modified quadruple tank system is pre-
sented, a virtual plant of the system is created and the
dynamics of the system is modelled. The model comprises
of deterministic non-linear model and stochastic non-linear
model is simulated and then the steady state analysis is
investigated in order to obtained an operating window for
the set points. The verdict is not all set points combinations
are possible for the system to attain its desirable outcomes.
Therefore this operating window is not negligible and useful
for future controller design. Besides, the non-linear model is
reform prior to future implementation of computer control
system and analysis.
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Abstract. In this paper, we used the modified quadruple tank system that represents a multi-
input-multi-output (MIMO) system as an example to present the realization of a linear discrete-
time state space model and to obtain the state estimation using Kalman filter in a methodical
mannered. First, an existing dynamics of the system of stochastic differential equations is
linearized to produce the deterministic-stochastic linear transfer function. Then the linear
transfer function is discretized to produce a linear discrete-time state space model that has a
deterministic and a stochastic component. The filtered part of the Kalman filter is used to
estimates the current state, based on the model and the measurements. The static and dynamic
Kalman filter is compared and all results is demonstrated through simulations.

1. Introduction

A dynamic model of a system can be described in a various way. From the derivation of
the mathematical model it is possible to obtain the underlying information of the system and
implement a control algorithm to the system. Most of the systems or processes are usually
described by state-space system and by investigating the state of a system at certain time and
its present and future inputs, it is possible to predict the output in the future [1]. State space
models can be either non-linear or linear form and usually a real system or process is described
by a non-linear models whereas in order to estimate and control the system, most mathematical
tools are more accessible to a linear models. Therefore, in this paper we want to demonstrate the
transformation of a non-linear continuous model of a modified quadruple tank system described
as deterministic-stochastic differential equations into a linear discrete-time state space model.

Throughout this work, we will fully utilize the Modified Quadruple Tank System, based
on [2] to assimilate the fundamental theory of model realization and state estimation to an
exemplification of MIMO system, illustration of the real-world complex system applications
which is widely used for education in modeling and demonstrating advanced control strategies
3], [4].

Several works have been done on four tanks system regarding the modeling the dynamic of
the system. A full description of linearization of the model for four tank system is presented in
[5], [6] and [7]. In [7] the linearization is described in detail using the Jacobian matrix formation
to represent the system in state space model while in [8] establishes the linearized model based
on the non-linear mechanism of the system. Another method is shown in [9]where the model is

Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
BY of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Published under licence by IOP Publishing Ltd 1
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Figure 1. Schematic diagram of the modified quadruple tank process

developed from input and output data resulting an empirical linear state space model using a
sub-space identification and can be used effectively for a non-linear system.

As for the state estimation, we want to estimates all the variables which represents the internal
condition or the status of the system at a specific given time [1] so as to allow for future output
prediction and to design the control algorithms. A Kalman’s state estimator for a non-linear
multivariable process such as the four tanks system is shown in [10] using a linear state space
model solved by the algebraic Ricatti equation. Meanwhile the usage of the estimation of the
Kalman filter with full derivation can also be found in [11]. In this work we use the Kalman
filter in order to estimates the current state of the modified quadruple tank system and evaluate
the response of dynamic and static Kalman filter.

This paper is structured as follows. A brief description of modified quadruple tank system is
presented and the realization of the linear discrete-time state space model is shown in detail in
Section 2. Then the state estimation using Kalman filter is discussed in Section 3. The following
section is where all the results is discussed in Section 4. Finally, we conclude this work in the
last section.

2. Linear Discrete-time State Space Model Realization

The first part of this paper is to transform the non-linear continuous state space model of a
modified quadruple tank system to a linear discrete state space model through linearization
and discretization. A brief description of the system is presented below and followed by the
linearization and discretization.

2.1. The Modified Quadruple Tank System
The modified quadruple tank system is a simple process, consist of four identical tanks and
two pumping system as shown in Figure 1 but yet illustrates a system that is non-linear with
multiple inputs and outputs (MIMO) and complicated interactions between manipulated and
controlled variables.

The main objective of this system is to control the level of the water in the lower tanks (Tank
1 and 2) by manipulating the flow rates F; and F, which are distributed across all four tanks,
represents the dynamics of multivariable interaction since each manipulated variables influences
the outputs. The height of the water level in these two tanks, h; and hs is measured and
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controlled. The flows denoted F3 and F, are unmeasured unknown disturbances.
The dynamic of the process is described in Stochastic Nonlinear Model (SDE) given as:

dx(t) = f(x(t),u(t),d(t),p)dt + odw(t) (1a)
y(t) = e(x(t) + v(?) (1b)
z(t) = c(x(1)) (1c)

where w(t) is the process noise and normally distributed, w(t) ~ N (0, Ry,), due to the unknown
information regarding the distribution and v(t¢) is the measurement noise from the sensors in
each tank and it is normally distributed, v(t) ~ N(0, R,). v(t) is being added to the measured
variables, (1b). For full description of the modeling part, see [12].

2.2. Linear System Realization

Linearization is required to find the linear approximation to analyze the behaviour of the
nonlinear function, given a desired operating point. We apply the first-order term only of
Taylor expansion by truncation around the steady state of the non-linear differential equations,
f(z(t),u(t),d(t)) and consider the derivative of the state variable, x. This derivative is defined
as a function, f,

py1ui(t) + a3 —ax

a0, 00, 000) = | o TR g

p(L =y )ur(t) + pda(t) — o4

where «; is given by

2
;= Pai\/ﬂﬁi(t)\/pj i=1,2,3,4 (3)

and p denote the vector containing all the parameters of the system, for full description of the
parameter see [12]. The Jacobian of f with respect to the state-variables are

- 0 B3 0
O RTORICRI TS I i S (4)

0 0 0 —pu
where ; is given by
1 Jaigp

RCO\EE

Similarly the Jacobian of f with respect to the manipulated variables giving

Bi

i=1,2,34 (5)

PN 0
0 P2
Ju(x(t),u(t),d(t),p) = 6
@O0 =g (®
p(1 =) 0
and lastly the Jacobian of f with respect to the disturbance variables are
00
00
0 p
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In this case, we introduced the deviation variables as
X(t)==z(t)—xs U(t)=u(t) —us D(t)=d(t) —ds (8)
and defined the Jacobian matrices evaluated around a stationary point x, us,ds to be
Ac = Ju(xs,us,ds, p)  Be = Ju(xs,us,ds,p)  Ee = Ja(xs, us, ds, p) 9)

With these matrices the first order Taylor approximation around the steady state point are given
as

fz(t),u(t),d(t),p) = f(xs,us,ds,p) + A X (t)
+ B.X(t) + E.D(t) (10)
= A X(t) + B.X(t) + E.D(t)

For the measurement and controlled variables we introduced Y (¢) and Z(t) respectively and the
linearized system of the modified quadruple tank system as

X(t) = AX(t)+ B.X(t) + E.D(t) X(ty) =0 (11a)
Y(t) =CX(t) (11b)
Z(t)=C,X(t) (11c)
where the C' matrices are defined as
40 00
c=c,= [ | (12)
( 0 e 0 O)

2.3. Discretization of a Linear System

The dynamics of the modified quadruple tank system is now described as (11) and to use
this linear continuous model of the system to be subjected to MPC, the model needs to be
discretized by assuming zero-order-hold (ZOH) of the variables at specified sampling points,
that is assuming the exogenous variables are constant between sampling points. The aim is to
have a linear discrete-time state space model with piecewise constant wug, di in a form of

Tr41 = Agxr + Baug + Eqdy (13a)
Yk = Cazi, + Dquy, (13b)
with discrete-time consideration
tr =to+ kTs, k=0,1,2...
T — a:(tk)

and assuming the inputs on the ZOH is
u(t) = uy, ty <t <tk

then the solution of (13) with respect to u is given as

Tt = (trt1) (142)
trt+1
_ eA(tk+1_tk)$k + / eA(tk+1_T)Bu(7')dT (14b)
ty
Ts
_ [eATS] o + {/ eAann} m (14c¢)
0
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By comparing both equations (11) and (14) and similar result can be obtained for disturbances
variable d(t) giving

Ag=erT By= [*eNBdr Eg= []* eAEdr

0 15
where Ay, By, E4 can be computed with
Ag Bg | _ A B
om0 7))
(16)

Aqg Ey A FE
[ o 1 |[=®\[o 1|
For this particular work, the continuous state space representation matrices were discretized
with Ts = 30s assuming ZOH.
Considering the stochastic part of the model, a piecewise constant process noise w,

measurement noise v and uncertainty of the initial state xg to the process is added. The linear
discrete model from (13) is expanded into stochastic version as in the equation below

Tpr1 = Agxp + Baug + Eq(dg + wy) (17a)
Yk = Cazy + vk (17b)
2k = CazTg + g (17¢)
subject to
xo ~ N(Zo, Pp), wg ~ N(0,Q), vp~ N(0,R) (18)
where @, R is given by
1252 0 220 0 0
Q_[ 0 12.52}]%_[0 2200]
and P, is given by
012 0 0 0
0 012 0 0
Py = 0 0 012 0
0 0 0 0.12

2.4. Linear Discrete-time State Space Representation

In order to rewrite the difference equation system representation (13) in a more structured form,
the Markov parameters is introduced. It is a discrete impulse coefficients of a discrete state
space model. The Markov parameters are calculated to avoid making iterative simulations to
keep only the matrix-vector multiplications. In doing so, a significant time saving is introduced
to the control algorithm and to have an observer canonical form with minimal realization. Let
H; denote the Markov parameters at the 7/th sampling time after an unit-impulse, then to obtain
the Markov parameters from w to y is given as

0 1=0
Hi = {CAdi—lB i=1,2,.N (19)
N is assigned value to be sufficiently large so that the impulse response can reach the steady
state. The Markov parameters for u to z, d to y and d to z is computed the same way and by



13th European Workshop on Advanced Control and Diagnosis (ACD 2016) IOP Publishing
IOP Conf. Series: Journal of Physics: Conf. Series 783 (2017) 012013 doi:10.1088/1742-6596/783/1/012013

replacing the appropriate matrices accordingly. With all the information being gathered, it can
be re-written in a matrix form of

Y =Pz +TU (20)
where Y, ®, U are _ ) ~ _ _ -
Y1 CAd ul
Y2 CAd2 u

v=|u| o=| CA’ U= | us

Yi CAy U;

while I' is obtained from the calculated Markov parameters, H;, i = 1,2,...N

r Hy 0 0 ... 07
Hy Hy 0 ... 0
0

Hy H, H;

| Hy Hy_1 Hn_o : Hi

As for the system with disturbances, the state space model can be represented as
Y =®xy+T,U+Ty3D (21)

where .
D=[d dy d3 ... dj

From equations (20) and (21), ® and I' can be used for the prediction part from the Kalman

filter for a model predictive control strategy.

3. State Estimation for the Discrete-Time Linear System

From the previous section, the discrete-time state space model is a linearized model from the
non-linear model. We want to extract information from the measurements of the real system
in order to limit the discrepancy between the model and the real system but since the models
assume measurement error, the signals need to be filtered. This can be done by using Kalman
filter where it is used to filter the measurement [1]. The Kalman filter consists of two parts,
filtering part and prediction part. The filtered part is to estimates current state based on the
model and the measurements whilst the prediction part is used by the constrained regulator to
predict the future output trajectory, given an input trajectory. This is illustrated in the block
diagram as in Figure 2. In this paper we focus on the filtering part for the state estimation only
and design both dynamic and static filter to evaluate their estimation.

3.1. Dynamic Kalman Filter
From [12] the model is linear time invariant (LTT) discrete-time stochastic difference equations,
in the form of

Trr1 = Agxg + Baug + Eqdy, + Edwy, (22a)
Yk = Cazi + vk (22b)
subject to
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Figure 2. Block diagram of MPC for modified quadruple tank process

where the process noise w; and measurement noise vy are distributed as

FER IR ERT) 2

where R and (@) is the covariance matrix of measurement error and disturbances variable
accordingly, S is the covariance matrix between disturbance variable and measurement error
and the distribution of the initial state is given by

zo|—1 ~ N(Zo|-1, Fo|-1) (25)

Assuming at stationary point ¢ = t; and the measurement y; = y(tx), the filtering part can be
performed by calculating

Urjp—1 = Copjp—1 (26a)
€k = Yk — Urjk—1 (26b)
Tk = Trjk—1 + Kz ek (26¢)
Wy, = Kpwep (26d)
By using the coefficients
Re=CPup1CT+ R Kppp = Pyp1CTR, K= SR, (27)

and the following expression can be achieved
Pyiaje = AP A" + Qpp — AK 08" — SKJ,, AT (28)

3.2. Static Kalman Filter
From equation (28) it can be re-written into a difference equation form as

Pyiajp = APy 1 AT + Q = (AP 1 C" + S)(CPyj—1C" + R) ™ (AP CT + 9T (29)
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P signifies the stationary one-step ahead state error covariance matrix obtained from the
Discrete-time Algebraic Riccati Equation (DARE).

P =APAT + Q — (APCT + S)(CPCT + R)"H(APCT 4 8)T (30)
and the coefficients in equations (27) can be simplify
R.=CPCT +R K¢, = PCTR;! Ky = SR! (31)

Since by using this limit as an approximation to the one-step matrix and the Kalman gains K,
and K, becomes constant matrices, it will lighten the computations of the controller.

4. Results and Simulation of the system

The first part of this work is the linear discrete-time state space realization and computations
which is re-written in a more structured form where we introduced the use of Markov parameters.
Then the second part is the implementation of Kalman filter and the predictive controller
strategy. In this sections, all results from the computations and simulations will be shown.

4.1. Linear Discrete-time State Space Realization
The linearized continuous system matrices are obtained as in equation (11) to ensure that the
theoretical linear estimation of the system are almost identical to the non-linear system, it is

F1 impulse F2 impulse
0.05 ‘ ‘ ‘ ‘ 0.05 ‘ ‘ ‘
)]
40 50
: D
40 50
: D
40 50
0.05 ‘ ‘ ‘ ‘ 1
P T o AR ARRRERERTR )
0 = ) -1 : : : :
0 10 20 30 40 50 0 10 20 30 40 50

Time (30s)
Time (30s)

Figure 3. Markov Parameters for the Discrete-time State Space Model Experiments
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Figure 4. Kalman filter for noisy F3 and 10% step changes

possible to compare the estimated gains and time-constants from the non linear transfer function.
Then, by assuming zero-order hold, the continuous state space representation matrices above
were discretized with Ty = 30s, hence the discrete state space system matrices is also obtained
as in equation (13).

Considering a sampling time of Ty = 30s the Markov parameters has been calculated for the
discrete-time state space model, from Figure 3 the plots can be compared to the model from the
step response experiment in our previous work [12] and shows that in most cases the plots are
very similar. Therefore, the calculated Markov parameters, H; are reliable and usable for other
purposes such as in designing the predictive controller.

4.2. State Estimation

In this experiments, both dynamic and static Kalman filter were tested as a state estimator
where the disturbance is an unknown stochastic variable, then after approximately 450s we
introduced a 10% step changes and for this simulations, the linear model is used to create the
measurements. Figure 4 and Figure 5 were plotted to compare the estimated current states with
and without Kalman filter and between dynamic and static Kalman filter with a step change of
F3 and Fy accordingly. It can be clearly seen that in general, the filter is well performed tracking
the output trajectory from the noisy measurements and also it can cope well dealing with an
impact of the unknown disturbance step. Although the difference between dynamic and static
Kalman filter is not apparent, the dynamic filter is able to even further reduce the noise giving
a smoother and more stable response particularly in tanks h; in figure 4 and tank hy in figure
5, noticeable for both tanks that is directly affected by the given step disturbance.
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5. Conclusion

This paper has described comprehensively an outline to obtained a discrete-time state space
model for linear system on a modified quadruple tank system in a simple and constructive
method. This lab scale system represents a MIMO system which has complicated variables
interactions and complex control problems. The dynamics of the system is described by an
existing simulation models in terms of deterministic and stochastic non-linear continuous time
models. These models were linearized and discretized in order to form a discrete-time linear
time-invariant difference equations, the form that is used in the Kalman Filter for estimations.
Based on the model and measurements, the current state of the system was estimated and in
additional, the comparison between dynamic and static Kalman filter was also presented.
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Model Based Control Implementation of a Modified Quadruple Tank
System Using a Predictive Control Strategy

Sazuan Nazrah Mohd. Azam and John Bagterp Jgrgensen

Abstract—The implementation of a model based controller
for a modified quadruple tank system (MQTS) is addressed in
this paper. The purpose is to demonstrate the application of
Model Predictive Controller (MPC) to a multi input multi output
(MIMO) system that has complicated variables interactions.
An existing dynamics of the system that has deterministic and
stochastic components described as a linear discrete-time state
space model is employed for the purpose of study. The MPC
consists of a state estimator and a constrained regulator. A
Kalman filter is incorporated to estimate the current state from
the filtered part and the predictions part is used by constrained
regulator, an optimal control problem (OCP) to predict the future
output trajectory. The objective of the OCP consists of a tracking
error term that penalizes deviations of the predicted outputs
from the setpoint and a regularization term that penalizes the
changes in the inputs (manipulated variables). The resulting OCP
is represented as a QP is solved and the performance of MPC is
demonstrated through simulations using MATLAB.

I. INTRODUCTION

Model based controller is one of the advanced control strat-
egy that is currently common and extensively recognized in
industry and academic, famously known as Model Predictive
Control (MPC). The MPC first breakthrough is from a seminal
publication of Model Predictive Heuristic Control [1] and later
[2] who came out with Dynamic Matrix Control.

MPC is a controller that utilizes the identified model of
a system to predict its future behaviour, given a prediction
horizon. The main idea is to minimize the cost function and
taking into account the constraints. Then the first controller
moves is implemented at a sampling instants over the control
horizon, by implementing only the first move the optimal
feedback is achieved and then the complete sequence will be
repeated again, which is known as moving horizon concept [3].
This flexibility is one of the important significant advantages
of MPC [4]. Nowadays the application of MPC are not limited
to the process control field, but also including other various
fields.

In this paper, we focus on implementing the predictive
control strategy on a lab scale system that exhibits the charac-
teristic of a complex MIMO system. The modified quadruple
tank system (MQTS) which is inspired by [5] has been
widely used for education in demonstrating advanced control
strategies [6], [7] and will be use through out this work as an
example to assimilate the fundamental theory of MPC.

This work is supported by Faculty of Electrical Engineering, Universiti
Teknikal Malaysia Melaka, Durian Tunggal, 76100, Malaysia

S. N. Mohd. Azam and J. B. Jgrgensen are from Department of Applied
Mathematics and Computer Science, Technical University of Denmark, DK-
2800 Kgs. Lyngby, Denmark, {snaz, jbjo}edtu.dk

Several strategies of controllers is implemented on the
quadruple tank system such as [8] and [9], while [10] and
[11] has been extensively described the application of MPC
on the quadruple tank system with different approaches. A
comparative study of model based control for the four-tank
system using IMC and DMC is provided by [9] and a year later
an analysis of robust control for the identical system is done
[12]. The Kalman filter is incorporated for state estimation to
obtained an optimal MPC as shown in [13] and specified in
detail in [14] attained from the Discrete-time Algebraic Riccati
Equation.

One of MPCs advantages is the ability to work within
certain constraints, therefore the main purpose of this work
is to demonstrate the implementation of unconstrained and
input constrained MPCs complete with the derivation of the
equations. To solve the OCP, we express the control task which
is tracking of the setpoint trajectory as a quadratic optimization
problem by performing several experiments and simulations
studies for observation to demonstrate the versatility of the
advanced controller.

The outline of this paper is as follows. A brief introduction
and description of the MQTS is presented in Section II. Next,
the details of the control structure of the process and the
implementation of unconstrained and input constrained MPC
is shown in detail in Section III followed by the results and
discussion of the closed loop simulations in Section IV. Lastly,
this paper is concluded in the final section V.

II. THE MODIFIED QUADRUPLE TANK SYSTEM

The MQTS as shown in Fig. 1 consist of four identical
tanks and two pumping systems. It is a simple process that
is non-linear MIMO but demonstrates a complicated interac-
tions between these variables including the manipulated and
controlled variables. Flows through the pump £ and F5 can
be controlled in order to achieve desired setpoints of r; and
ro of water levels in Tank 1 and Tank 2, respectively. Whereas
F35 and F} are stochastic variables and assumed to be normally
distributed, hence cannot be controlled. The target is to control
the level of the water in Tank 1 and Tank 2 by adjusting the
flow rates F; and F» which are distributed across all four
tanks. The height of the water level in these two tanks, hq
and ho is measured and controlled.

The variables is defined as x indicates the state variables,

y is the measured variables, u indicates the manipulated
variables (MVs), z is the controlled variables (CVs) and d
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Fig. 1: Schematic diagram of the modified quadruple tank
process

is the disturbances. The dynamic of the process is described
in Stochastic Nonlinear Model (SDE) given as:

dx(t) = f(x(t),u(t),d(t), p)dt + odw(t) (1a)
y(t) = e(x(t) + v(t) (1b)
2(t) = c(x(t)) (Ic)

subject to w; ~ N(0, Ry) and v; ~ N(0, Rv). The modeling
part of the MQTS is fully described in [15]. Considering the
stochastic part of the model, a piecewise constant process noise
w , measurement noise v and uncertainty of the initial state x
to the process is added. The stochastic nonlinear model from
equation (1) is realized and expanded into a linear discrete
time state space model as in the equation below

Tr41 = Agxg + Byug + Ed(dk + wk) (2a)
Ye = Caxp + v (2b)
2k = Cazxp + g (2¢)

subject to xg ~ N (o, Pp), wi, ~ N(0,Q) and vy, ~ N(0, R).
In order to rewrite the difference equation system represen-
tation (2) with disturbances in a more structured form, the
Markov parameters is introduced. and the state space model
can be represented in a matrix form of

Y = ®zg + T,U +TyD 3)

For full description of the discrete linear state space model
realization and Markov parameters description, refer [16].
From equation (3), ® and I" will be used for the prediction
part from the Kalman filter for the MPC.

ITII. MODEL PREDICTIVE CONTROL

Referring to the block diagram of the control structure for
the MQTS in Fig. 2, the model predictive control part consists
of an estimator which estimates the current states of the

MPC PROCESS
d=|Fs
Bl W
r s =a Fi Fy - -
Optimizer / | Y= Yk MQTS
plant z
Regulator
X
)?k
EStimatPr Sensor |«
Kalman Filter
-
Vi
B
v

Fig. 2: Block diagram of the control structure for the MQTS
process

system, & given the previous measurement from the process,
y and a regulator which minimizes the difference between the
reference values 1,75 and the controlled variables 21, zo with
respect to the manipulated variables wq, us. The output of the
regulator which is the new input variables is then fed to the
MQTS thus yielding a new state and a new measurement. This
process is iteratively repeated for a specified timespan or until
a certain stopping criteria is reached in a closed loop manner.
From the diagram it is possible to visualise the implementation
of the MPC that will yield the optimum input to the system
which would result in an approach to the desired reference
values.

A. State Estimation for the Discrete-Time Linear System

To obtained the current state estimation and the future
output predictions, a static Kalman filter is utilised throughout
this work due to the fact that it will lighten the computations
of the controller since the covariance matrix Py ;1 is kept
constant [16]. From [16] the linear discrete-time stochastic
model is given as

Tht1 = Agxr + Bauy + Ed(dk + wk,)
Y = CaT + vg

(42)
(4b)

subject to where x is realised as a stochastic variable, in order
to achieve a full stochastic simulation. It is taken that xy ~
N(0, P). The other stochastic, namely wy, and vy, are realised
considering a possible correlation between them where the
process noise wy and measurement noise vy, are distributed as

H:]NN([S}’{% JS%’,ZD )

Here, (Q; and Ry, are the variances of the corresponding
stochastic variables wy,vr and S, denotes the correlation
between these variables which for the purpose of this study is
taken as 0.

By the assumption of the covariance matrix Pyjp_1 is
constant, it also allows the computation to be carried out
as Ricatti equation. The stationary one-step ahead state error
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covariance matrix obtained from the Discrete-time Algebraic
Riccati Equation (DARE) is given by

P=APAT + Q — (APCT + S)(CPCT + R)™! ©
(APCT 4 5)T

Assuming a stationary approach allows to calculate part of the
algorithm off-line,

R.=CPCT +R (7a)
K, = PCTR;! (7b)
Ky = SR.? (Tc)

and the remaining part of the algorithm, namely measurement
and prediction, is computed for each time step

ek = Yr — Ulk—1 (8a)
gk = Trp—1 + Kpa ke (8b)
wk\k = waek (8¢)
Tpr1p = Aik|k + Bug + Wk (8d)

B. Unconstrained MPC

In this section we develop unconstrained model predictive
controllers based on the discrete time state space models as in
equation (4). Having designed the Kalman filter for the MQTS,
the regulator will be implemented to form the complete MPC
framework in Fig. 2.

The control task is to track the setpoint trajectory as a
quadratic optimization problem by developing an objective
function that will minimize the deviation of predicted output
trajectory from the setpoint trajectory,

min liuz 2 +1Nf|mu 12 (%)
v 2k:1 S k=0 o

s.t.

$k+1:A$k+Buk+Edk k=0,1,...,N—1 (9b)
2z = Crxg k=0,1,....,.N—1 (9)

From equation (3), Z can be expressed in a matrix form of

where Z; and Ry are

Z1 T1

z9 79
Zy = Ry =

ZN N

Ui, Ry, and Z, are deviation variables vectors. The weight
matrices (), and S are realised as diagonal matrices since
we want to penalise the deviation of Tank 1 and 2 from the
desired targets, as well as large steps in the input variables,
respectively.

In minimizing the objective function equation (9) it can be
expressed in a compact form as

min ¢ = ¢, + daq (11)

The first term in the objective function is related to the desired
target and the main part of the least squares minimization
problem. It ensures that the system reaches towards the desired
target values 71, 75.

1
6. = 3117~ Rull,.

1
= 5 (@20 + TUL +TuD = By’ (12)
Q. (Pxo +TU, +TyD — Ry)
Let
bk = Rk — (I).Z‘() — FdD (13)

and now we can expressed the problem as QP in minimizing
¢, an objective function based on the controlled variables.

¢, = % (TU, —by)" Q. (TUy, — by,)
= SUITTQ.TU, = (T7Q:b) U +p  (14)
= ULH.. Uy + gTUk +p
where
H,=T17Q.T (15a)
9. = -TI7Q.b (15b)
= -T7Q.R, +T7Q.®,, +T7Q.TyD
= MRRk + Mwoxo + MdD
1
p =75 (b7 Q:br) (15¢)

Since using the objective function based only on the controlled
variables is insufficient, we include the input variables, ¢, in
the objective function as the second term. The second term is
the regularization term, which ensures smooth input solutions
which minimizes the difference of uj from the previous input
so that to have less error.

N—1
. 1 2
min  Gau = 3 Z [|Auk||s (16)
k=0
We want to rewrite this problem into standard QP. First we
want to derive ¢a,, using similar approach to ¢, but Au needs
to be expressed in terms of wuy,

A’LLO Uuo Uu_1
o Aul U1 —uo 0
Auk o AUQ - U2 — Uy 0 (17)
AU3 us — U 0
To have better formulation we introduce A, Uy and I as
I 0 0 0 Ug I
e 0 O | w 10
A=l 211 of U= s =1y
0 0 = i us 0

where I denotes an identity matrix of the size of u, Iy denotes
the block vector with I in the first entry while having zero
matrices fill up the rest of the rows so that to have the same
row-size as matrix A, then Awuy can be rewritten as

A’U,k = AUv]C — I()u_l (18)
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We expand equation (16) by substituting with equation (18)
and the objective function ¢a, yields

bau = 5|[AUE — Tou_1]3
= lUg (ATgA) Uk + (—ATSI()U,l)T U}C + P

= Ul Ha U + gx U +p

(19)
where
Ha, = ATSA (20a)
gn, = —ATSIyu_, (20b)
= My—1U-1

1 _

P=3 (UF15S) (20c)

Combining equation (14) and (19) and p is disregarded as
these are constant, resulting an optimization of the deviation
from the setpoint (reference trajectory) and the input variables
given as equation (9) becomes

1
min §U,{ HU, + ¢TU, (21a)
s.t.
Ik+1:AIk+Buk+Edk, k=0,1,...,N—1 (21b)
Zk:Cx.Z'k7 k:O,l,...,N (210)
where
H=H.+ Ha, 9=9z+9a, (22)

MPC computation when stated as a QP is solved by first
computing

g=MgrRy + My 20 + MgD + M,_qu_y (23)

then solving the QP

ut = *H_lg
= —H ' (MgRy + Moz + MyD + M,_1u_1) (24)
— LpR+ Luyto + LaD + Lu_ju—1

with the first block row of Lg,L,,,Lg,L,—1 is given by
Kr,K,,, K4, K,—1 and the optimal control law is

uh = KpR+ Kyywo + KgD + Ky_qu—1  (25)

C. Input Constrained MPC

To make the simulation of the model based controller on
the MQTS more realistic, we considered two different hard
constraints; first is the one that sets the upper and lower bounds
on the manipulated variables, Upin < % < Umqe and the
other one is the rate of change in input, Auy, < Au <

Age. The formulation of the problem is the same as stated
in equation (9) but subjected to constraint it becomes

min linz ]2 +3Ni\|Au 2 (26a)
Y 2k:1 P 2k:0 He

s.t.

Tpy1 = Azg + Bup + Eq, k=0,1,...,N—1 (26b)
2z, =Crxr, k=0,1,...,N—1 (26¢)
Umin < Uk < Umaz k:0717~~~7N71 (26d)
Atpin < Aup < At k=0,1,...,N —1 (26¢)

In standard QP form, this can be written as (21) and the
inequality constraints referring to equation (26e) needs to be
updated at each iteration since it contains the input variables
form the previous step, uy_1x. In developing the simulation
code for the input constraint MPC, the Hessian matrix is
obtained by offline computations, essentially the same as
the unconstrained MPC but the calculation of the inequality
matrix and the corresponding upper and lower bounds are set
beforehand. Likewise, during the regulator process, equation
(26d) is supplied as upper and lower bounds to the quadratic
solver in Matlab and the 2 inequalities in equation (26e) are
formulated in the form of

A/(Lmin Ug —U_1 Aum(w
Aumin Uy — Up Aumaaﬁ
< . < 27)
Aumin UN —UN-1 Aum(w
Since the first row contains u_j this can be written as
Aumin + U—1 < Uo < Aumaz + U—1 (28&)
Umin < Uo < Umax (28b)
and the rest of the rows are arranged in the form of
AUmin -I I Uug AUz
Aumin -1 1 (%1 Aumam
< . . <
Aumin -1 I UN—1 Aumaz
(29)

which can be simplified as
AUmzn < AUk < AUvmaac

Therefore, an optimization of the deviation from the setpoint
(reference trajectory) and the input variables becomes

1
min - ® = §U,3 HUy + g™ Uy, (30a)
s.t.
Umin < Uk < Umax (3Ob)
AUmin < AUk < AUmax (30C)

where H and ¢ is as given in (22). The optimised input is
returned and the first two entries obtained and applied in the
next iteration, similar to the previous unconstrained MPC.
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IV. CLOSED LOOP SIMULATION

In this section the MPCs presented in previous section are
discussed and evaluated with various test cases. The main
objective is to evaluate the performance of the MPC in terms
of the behaviour of the system and to verify should the
realisations are physically feasible. For the simulation of the
MQTS, the linear stochastic model is utilised in which noise is
included as a normal distribution to the disturbance variables
and the measurement variables. For all MPC implementations,
the reference trajectory is given as a multi step input changes
as in Fig. 3 where each step input interval allows the system
to reach at certain steady state before yielding the next step
change. The disturbance variables are initialised such that they
contain a step input change as in Fig. 4 in order to evaluate
the performance of the regulator in compensating for the
upcoming disturbance. Results and analysis of the simulations
for each MPCs which was run for 200 minutes of simulation
time is discussed in the sections below.

A. Unconstrained MPC

The unconstrained MPC is simulated on the linearised
model of MQTS with the above described conditions, influ-
enced by white process noise and measurement noise. Fig. 5
and Fig.6 depicts the output and control variable for both multi
step input changes of h; and ho respectively. The responses
shows that the system is able to track the references with
minimal overshoot and small transient deviations, keeping the
desired height levels of Tank 1 and Tank 2 at the desired
setpoints. Although the controller managed to compensate the
disturbances, the flow rate in F; elongated below 0 em?.s71
which indicates the suction of pump. This glitch can be solved
by implementing the next MPC strategy.

B. Input Constrained MPC

A similar closed loop simulation was implemented but in
this section, the constraints for the input is included. Fig.
7 represents the output of the simulation in response to a
multiple setpoint changes in h; with the same condition of
reference trajectory and disturbances as described earlier and
Figure 8 represents the output of the simulation in response to
a multiple setpoint changes in hsy. The considered constraints
is given as

< 450
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Fig. 5: Output of the simulation in response to a multiple
setpoint changes in h; with a setpoint change in do for
Unconstrained MPC
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Fig. 6: Output of the simulation in response to a multiple
setpoint changes in ho with a setpoint change in dy for
Unconstrained MPC

From both of the responses it can be seen that the transient
properties is slightly deteriorated but with acceptable perfor-
mance degradation although the setpoint tracking is unable to
reach at certain points due to compensation from the input
constraints and the capacity of the plant. Referring to the
flow of F; and F5 for both step changes of h; and hs
simulations, it is noticeable that the water flow is within
the boundaries, indicating that the rate constraints results in
a more well behaved flow characteristics with a slight loss
of transient properties and reference tracking. With input
constraints, the controller is capable of operating within the
limit bounds but with an acceptable drawback of reaching the
target setpoint due to the capacity of the pumps and the amount
of computation required is higher.
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Fig. 8: Output of the simulation in response to a multiple
setpoint changes in ho and a setpoint change in dy for Input
Constrained MPC

V. CONCLUSION

This paper has described comprehensively an outline for
MPC implementation for linear system on a MQTS in a simple
and constructive method. This lab scale system represents a
MIMO system which has complicated variables interactions
and complex control problems. The dynamics of the system
is described by an existing simulation models in terms of
a discrete-time linear time-invariant difference equations, the
form that is used in the Kalman Filter for estimations and
predictions. Based on the model and measurements, the current
state of the system was estimated and the predictions part was
used to predict the future output trajectory. Given an input tra-
jectory, the constraint regulator used the predictions part from
the Kalman Filter for error tracking for set point changes and
as a regulator to compensate input changes. The QP which was

from the OCP was solved and the performance of the MPC
was demonstrated through simulations. The implementation
of unconstrained and input constrained MPC for the MQTS is
compared.
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