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Abstract

The application of Model-Based Predictive Control (MBPC) to Gas Turbine
Power Plants is investigated. This begins with the discussion of the advantages
and disadvantages of (MBPC). Three well-known algorithms namely, Model
Algorithmic Control (MAC), Dynamic Matrix Control (DMC) and Generalised
Predictive Control (GPC) are presented and compared.

A multivariable state space GPC algorithm is then presented and discussed. The
general optimisation problem is addressed. Four types of constraints namely,
constraints on control signal increments, constraints on control signal amplitude,
constraints on process outputs and constraints on overshoot are extended to the
multivariable state space GPC algorithm and the constrained GPC problem is
solved as a Quadratic Programming (QP) optimisation problem. Analysis and
design aspects of GPC control strategy are discussed. A method for multivariable
state space GPC closed-loop formulation is developed to derive conditions for
performance and stability robustness assessment of the control design. Simulation
of a GPC controlled multivariable industrial process is presented and the results
are analysed.

The operation of a singie unit gas turbine power plant is discussed and a
mathematical model is developed. The nonlinear model is implemented on
SIMULINK and stabilised using PID controllers. A linear model is then derived
and reduced using MATLAB and SIMULINK toolboxes for control design
purposes.

A supervisory control system for the nonlinear power plant model is designed
using the multivariable GPC algorithm. Closed-loop analysis is carried out and
conditions for performance and the stability robustness are derived. Compromise
among various design objectives is made for the final controller design. The
performance of PID and GPC controllers is compared. A constrained supervisory
control system is designed to handle process and actuator constraints.

A predictive controller in an adaptive (gain scheduling) manner is then proposed.
The technique is applied to optimise the start-up and shut-down operations of the
power turbine and to design a constrained adaptive predictive controller. For this

purpose an identification experiment is designed and a recently developed



ii

subspace-based identification algorithm is applied off-line to identify several linear

models.
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Temperature of injected steam

Pressure of combustion gases at turbine inlet
Combustion chamber pressure loss

Pressure loss coefficients

Universal gas constant for combustion gases
Combustion chamber mean cross-sectional area

Mass flow of CO

Measurement delay

Inlet gas density

Combustion gases polytropic index
Turbine exit flow area

Turbine polytropic efficiency

Inlet gas flow from combustor
Gas temperature at exit of turbine
Overall turbine efficiency
Mechanical power delivered by turbine
Power required to drive the compressor
Net available mechanical power
Isentropic enthalpy
Exhaust gas enthalpy

Inertia constant for machine
Mechanical shaft power

Real electrical load power
Electrical damping coefficient
Synchronous frequency
Proportional gain constant
Integral gain constant

Differential gain constant

Proportional Integral Differential control action

Kronecker index



Stands for stochastic

Stands for deterministic

A deterministic state sequence
A deterministic output

A stochastic state sequence
Input block Hankel matrix
Output block Hankel matrix

Stochastic subsystem output block Hankel matrix

The extended (means i >n) observability matrix
The reversed extended controllability matrix
Block Toeplitz lower triangular matrix

Block Toeplitz covariance matrix

Block Toeplitz cross covariance matrix

Denotes orthogonal projection

State sequences that can be interpreted as the states of
a bank of non-steady state Kalman filters

Extended observability matrix formed by deleting

the last  rows of I;

R factor of RQ decomposition

Q factor of RQ decomposition
Process rise time

Sampling frequency in (rad/sec)
The 3dB band width

Sampling frequency in Hz



Preface

Introduction:

In process industry and electrical power plants it is required to optimise the
operations of gas turbines to improve their performance and to achieve fast

response to load demand changes.

The objective of this thesis is to design predictive controllers in an adaptive
manner (gain scheduling) to optimise the start-up, steady state and shut-down
operations of gas turbines power plant and to achieve smooth transition from one
operating point to another. The advantage of this technique is that the regulator
parameters can be changed quickly in response to the process changes. This
advantage is exploited to design a controller to minimise the time required for
start-up and shut-down of the gas turbines. The Control design technique adopted
in this thesis is the Model Based Predictive Control (MBPC)
technique,(specifically GPC) which has found a wide acceptance in process
industry. MBPC is characterised by its capability to cope with a wide range of
processes. It is effective with, processes which are simultaneously nonminimum-
phase and open-loop unstable, processes with unknown or variable dead-time,
processes with over- and under- parametrized models and processes with variable

model orders.

The main advantage of this control design technique is, however, the systematic
way of handling process and actuator constraints. To achieve a stable control
design with good performance, constraints imposed on the process variables must
be accounted for during the design stage of the controller.

To design a MBPC controller a model of the process is required. Thus, dynamic

modelling of the power gas turbines using the basic laws of physics as well as

those based on system identification are considered.
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Achievements of the Research:

1. The author has implemented a nonlinear model of a gas turbine power plant on
SIMULINK and MATLAB. This model was used by the author to investigate
and optimise the operations of start-up and shut-down of an industrial gas
turbine plant. This original research has been accepted for conference
presentation.

2. Full presentation of multivariable state space GPC has been given including an
analysis of its closed-loop structure. The author developed ways to incorporate
operational constraints for multivariable systems and study performance and
stability robustness. Contributions original to the author were to use the
subspace algorithm for the production of linear models within the multivariable
GPC algorithm, and a method of gain scheduling multivriable GPC control for
start-up and shut-down of industrial power plant gas turbine.

3. Detailed performance and stability robustness studies were carried out to

design controllers to meet the control design specifications.

Publications Arising:

1. Omar, A. A. and Katebi, M R: Multi-layer Control Design for Gas Turbine
Power Plants, Euraco Workshop II, Herrsching, Germany, pp 125-129,
October, 1996.

2. Omar, A. A and Katebi, M. R.: Optimisation of start-up and shut-down
operations for power gas turbines. To be published in the Proceedings of Int.

Conf. on Systems Engineering, Coventry, September, 1997.
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Thesis Outlines:

The research of this thesis is organised as follows:

Chapter 1

This chapter presents the features and design aspects of Model Based Predictive
Control (MBPC) strategies. Some of the commonly used process and disturbance
models are described. Three well-known MPBC methods are presented and

compared to demonstrate their similarities and differences.

Chapter 2

In this chapter the formulation of a multivariable unconstrained and constrained
state space GPC algorithms are presented and the controller tuning parameters
selection guidelines are summarised. Closed-loop formulation of the control
design is presented and the performance and stability robustness issues are
analysed. Tuning procedure for the controller is investigated by simulation of a

muitivariable process.
Chapter 3

A Dynamic model of a gas turbine power plant is presented. PID controllers are
designed to stabilise the nonlinear model at a nominal operating point. A
linearized model is derived and its order is reduced. The responses of the
nonlinear and the linearized models are compared. Performance of the control

design is investigated.
Chapter 4

This chapter is devoted to the design and the analysis of GPC controllers. A
second layer predictive controller is designed for the gas turbine for to optimally
move the set-points of the regulator loops to new operating conditions. Detailed

analysis of GPC closed-loop system is carried out. The performance and the
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Chapter One

Model Based Predictive Control

1.1 Introduction

In this Chapter some of the well-known Model Based Predictive Controllers
(MBPC) algorithms will be reviewed. Their advantages and disadvantages will be
stated. MBPC design aspects will be addressed. Some of the process and
disturbance models that are commonly used in predictive control design will be
reviewed. A comparison between three MBPC algorithms will be made to illustrate
the differences and similarities among them and to select an algorithm to be used in

later Chapter.

Model based control is a control strategy where, a model of the process is explicitly
used to design a controller. The family of controllers belongs to this design strategy
are called Model Based Predictive Controllers (MBPC) where, future process
outputs and some times future process inputs are predicted over a finite horizon
(range). This concept allows these controllers to deal with pre-assigned reference

inputs.

Predictive control methods, also known as Long Range Predictive Control (LRPC)
were firstly developed and introduced in France by Richalet et al., [8]. The first
LRPC algorithm was called IDentification and COMmand (IDCOM) algorithm
which has been known later as Model Algorithmic Control (MAC) [9]. In 1980
another algorithm was introduced in the United States by Cutler and Ramaker [10]
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and was called Dynamic Matrix Control (DMC) where, a Finite Step Response
(FSR) model was used to describe the process. This design approach was
successfully applied to many industrial applications such as large scale computer

controlled petrochemical plants.

Other MBPC algorithms have been derived and applied successfully in process
industry such as, Extended Horizon Adaptive Control (EHAC) by Ydstie [11],
Extended Predictive Self Adaptive Control (EPSAC) by De Keyser and Van
Cauwenberghe [12], and Generalized Predictive Control (GPC) algorithm which
was developed by Clarke [1, 2].

1.2 Advantages and Disadvantages

Model Based Predictive Controllers have many features in common that make them
attractive to both control engineers and plant operators [13]. Their features are

summarised here:
® They are relatively simple to tune.

® They are capable of handling both Single-Input Single-Output (SISO) and Multi-
Input Multi-Output (MIMO) processes.

® Process and actuator constraints can be handled in a systematic way during
design stage. However, the ability of MBPC algorithm to handle constraints mainly
depends on the quality of the predictor. The process model used for prediction must
be valid irrespective of the choice of the data within the complete set. Also to
produce sensible predictions it is required that the model used for prediction must

be representative and also remains representative over the period of prediction [92].
® They have been applied to nonlinear processes [22, 23].

® Their predictive nature gives them the ability to deal with pre-programmed

reference signals.
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e It is easy to make the algorithm adaptive by including a suitable recursive

identification algorithm.

e It can deal effectively with simple plants (open loop stable plants) as well as
complex plants such as, nonminimum phase plants, open loop unstable plants,

plants with unknown orders and with variable or unknown time delays [1, 2, 3, 13].

e Various filters and transfer functions can be added to the design to broaden the
range of performance and to improve robustness against unmodelled dynamics and

disturbances [4].

e Feed forward can be incorporated in predictive control design for compensation

against the measurable disturbances [19].

e Some of the predictive controllers such as, DMC and GPC can provide feed
forward action as a result of the feed forward term in their control laws [24]. This

can reduce set-point interactions.

The disadvantage of MBPC is that a proper model of the process must be obtained.
The other problem with predictive control is that, many controllers can be designed
within the same framework. This makes it difficult to select which predictive

controller is more suitable to solve a certain problem [13].

1.3 MBPC Design Aspects

The design of predictive controllers is based on the selection of the process model
M(6), the reference input w;, the optimisation method, and the criterion function
[4]. Selection of a proper linear model structure is important in designing the
controller since, the prediction of the process output depends on the model. The

process model is used to predict future process outputs yj, j at time kusing the

past known inputs and measured process outputs. The predicted response is

composed of two parts, free and forced responses. In general the model dynamics
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must be rich enough to include the essential process modes. The model should, of

course, be controllable and observable [6].

Several process models are used with MBPC [6, 13]. One of the simplest process
models is the Finite Impulse Response (FIR) model which has been used in Model
Algorithmic Control (MAC) [9]. The other process model that found its application
in predictive control is the Finite Step Response (FSR) Model which has been used
in Dynamic Matrix Control (DMC) [10]. Transfer function model has some
advantages over the above mentioned models thus, it is widely used in MBPC [6].
State space model is also widely used in predictive control. These models will be

discussed later.

Disturbances should also be modelled to take into account its effect during
output prediction. The disturbance term ¢ is added at the input of the process.
This disturbance may be deterministic or stochastic. Deterministic disturbance is
exactly known a priori and can be described analytically or predicted. However,
stochastic disturbances are random in nature and cannot be exactly described or
predicted. They can be either stationary or non-stationary. The disturbances should

therefore be approximately modelled.

To design a model based predictive controller an optimisation problem is solved
over a finite horizon at each sampling time instant to find the optimum controller
output sequence. The optimisation is applied to minimise a certain cost function or
criterion function. The type of a cost function to be optimised is important because
it determines whether it is easy or difficult to solve the problem. The cost functions
based on design objectives such as rise time, settling time, overshoot and damping
ratio are difficult to optimise due to highly nonlinear relationship between these
objectives and the controller parameters. Thus a mathematically suitable criterion
must be selected [13]. The criterion that is commonly used to design a predictive

controller is of quadratic type. A simple form of the criterion is given by:
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N2-1 N2-1
HeND)= % [ef = £ Drey i BE (L1)
Jj= Jj=

where, N2 is the maximum costing horizon (the period over which the predictions

are made), J,; is the predicted process model output (free and forced
responses), wy . ; is reference input j steps ahead and e is being the tracking error.

The result of minimising the above cost gives a predictive control law (consists of
the best future control signals) that minimises the tracking error between the
predicted process output and the reference input [1]. Figure 1.1 shows a general

block diagram of the predictive controller [6].

Free response

past —
outputs & —|M(6)
controls Future set-points
Forced response Total response /l\
R N o/l
M(6) D D
future controls Total error
optimizer i‘
Constraints Criterion function

Figure 1.1: Block diagram of MBPC

1.4 _Process and Disturbance Models

1.4.1 Process Models

To study or to control a process, a set of mathematical equations relating the
process variables to each other, called a model, is required. A model may be either

linear or non-linear.
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1.4.1.2 Finite Step Response Model

This model is also often used in predictive control. It has been used in DMC and

has

the same advantages and disadvantages as FIR model. FSR model has the following

mathematical form:

N,~1

5

Y= Z gj Auk-—j—] (13)

J=0

where y; is the current process output, g is the jth step response coefficient, N
is the number of step response coefficients and A is the differencing operator

(1- q"l) . For undisturbed processes the coefficients of the model are obtained by

applying a step input to the process [10].

1.4.1.3 Transfer Function Model

Transfer function model is suitable for both stable and unstable processes, needs
a minimum number of parameter to represent a process and it does not have the

disadvantages of FIR and FSR models. It is described by:

-4 B@

- 1.4
A(q_l) k-1 ( )

Ye=9q
where d is the process time delay, B(q™!) and A(g™') are the process
polynomials in backward shift operator and u;_; is the delayed input of the

process. To describe a process by a transfer function an assumption about the order
of the process must be made. The prediction of the process output described by this

model is complex.
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1.4.1.4 State Space Model

State space approach is a procedure to represent a process in time domain. It is
valid for both SISO and MIMO systems and is widely used to analyse and to design
control systems. Transformation methods from and to state space are available. The

general form of state space representation is written as:
Xkl :Axk +Buk +Wok (15)
Vi :ka +V (16)

where x; is the state vector of dimension 7 x 1, A4 is an nxn state (system) matrix,
B is an n x p input matrix, C is an output vector of dimension » x n, w,,;, and w

are the white noise sequences.

1.4.2 Disturbance Models

Disturbances usually are inevitable in most real processes. They are one of the main
reasons for using control. Moreover they are an important source of information
about the nature of the properties of a system. They put fundamental limitations on
the performance of a control system. The effects of the disturbances can be

eliminated in many ways using feedback, feedforward or prediction [14].

The effect of measurable disturbances on a system response can be analysed and
eliminated by generating and feeding it to the system in a closed-loop form. For
non-measurable disturbances a disturbance model is required to allow a reasonable
formulation of prediction to reduce the effect of the predictable part using

feedforward technique.

One of the objectives of a control system is to compensate for the disturbance
effects on the process output and since one of the advantages of predictive control
is the simplicity of incorporating disturbance models thus, more attention will be

paid here to examine different disturbance models. Two types of deterministic
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disturbances can be distinguished. Those which can be predicted exactly such as,

offset (constant value), drift D, (D, =dg+d t+dat>+.. +dyt*),ramp, parabola,...etc.,

which are given by and those which cannot be predicted exactly [13, 15]. Drift

disturbances can be represented in the following filtered form:

Dy
S = (1.7)
A(q™h)
Measurable disturbances can be represented as:
D)
§k2 = vm,, (18)

where, vm,, is a known measurable disturbance, the polynomials A(g~') and

D(q™") constitute a discrete time transfer function ( a filter) which acts on vm, .

The separation of this equation into past (known) and future (unknown) terms is

realised by solving a Diophantine equation [13].

Stochastic disturbances can be separated into two unknown terms using
Diophantine equations, future term which cannot be calculated and past term which
can be calculated using the available data. The general form of these disturbances

can be represented mathematically as follows [13, 15]:

Cr3 = Vi (1.9)

where, v, is a discrete white noise sequence with zero mean and variance g2.

C(q_l) and A(q"l) are polynomials which result in different stochastic

disturbance models by assigning different settings for them. The above mentioned
disturbance models can be combined in a single model which is valid to represent

nearly most of disturbance signals:
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— Dk D(q_l) C(q_l) 1.10
@ 4@ ™ g™ (119

The stochastic disturbance represented by equation (1.9) when combined with the
process model of equation (1.4) results in some of the well-known process models

as summarised in Table 1.1.

Table 1.1 Stochastic process models.

Model Poly. | Poly. Description Application to MBPC
C A
MA C 1 Moving Average (all zeros). It  MAC
represents an FIR filter

ARMA C A Auto Regressive and Moving [EHAC and DMC
Average (all poles and zeros). It
is applied in many practical
problems

CARIMA | C AA |Controlled Auto Regressive and [EPSAC and GPC
Integrated Moving Average. It is
widely used in processes where
disturbances are random drifts.
Poly: Stands for polynomial

1.5 Review of Some MBPC Algorithms

Predictive controllers have the same framework and they follow the same concept
(receding horizon) but their differences are as a result of the use of different process
models, different prediction models, different performance indices and different
reference inputs. Three well known predictive control methods namely, DMC,
MAC and GPC will be summarised and their advantages and disadvantages will be
stated. A comparison of different predictive control methods can be found in [7, 9,
13, 17].

1.5.1 Dynamic Matrix Control

Dynamic matrix control algorithm makes use of a Step Response model [10, 17]

which is given by equation (1.3):
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[v o}
Vi = X giAuy_;

i=1
Including the disturbance (noise) term ¢, which represents the effects of the

unmodelled dynamics and the disturbances acting on the process, in equation (1.3)

then DMC model can expressed as follows:

Y =28 Auyp_; +3; (1.11)

i=1

The j steps ahead output is given by:

J o
Viwj = ZEiMUpji + T &b * Gk (1.12)
i= i=j+

The first term (1.12) represents the forced response, the second term is the free

response and the last term is the future disturbance.

For {4, ; =¢} and from equation (1.11) and equation (1.12) the predicted output

can be expressed as:

N J el -}
VYievj = ZlgiAuk+j-—i + X 1giAuk+j—i Vi~ ZlgiAuk_,- (1.13)
i= i=j+ i=

which can be rewritten as:
Prej =Gi(q NAug,; +p; (1.14)

where G; (q'l) = glq"l +etg jq_j, the first term of equation (1.14) is the forced

response and p; represents the free response of the system and is given by:

pi=yi+ Zl(g,-+i - &)Auy_ (1.15)
1=
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J=(w-5)T (w=3)+1u” Au
J={(e, —GAu)T(eo —GAu)+MuTAu
T T T T

where el =[W, n1 = PN1seeo-.- sWriN2 —Pn2], Wiy, is the future reference

input, Aul = [Au(k), Au(k +1), -+, Au(k + Nu—1)] and A is included to penalise
the excessive increment of the incremental control action. N1 is the minimum
output horizon, N2 is the maximum output horizon and Nu is the control horizon.

The optimum control sequence resulted from minimising (1.16) is given by:
Au(t) =[GTG+AIT'G e, (1.17)

where G is a lower triangle matrix of dimension(N2 — N1) x Nu which contains

the step response parameters of the process.

The DMC algorithm has been used successfully in over 200 industrial applications

[7]. Its main advantages are:

e Simple calculations are required to implement the process model and the

algorithm.

® It is easy to understand.

® No precautions about the order of the process [7].
® It can be made adaptive.

® It is applied to multivariable processes.

® Constraints on the manipulated and controlled variables can be handled.
However, the output constraints should be handled with care, that is safety margins

must be introduced to prevent constraints violation.
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Its disadvantage is that open loop unstable processes cannot be modelled or

controlled.

1.5.2 Model Algorithmic Control (MAC)

Model Algorithmic Control (MAC) is suitable to control multivariable processes
represented by their impulse responses [8, 9, 21]. Using a finite impulse response
(FIR), equation (1.4), to build a model makes this algorithm valid only for stable

processes.
In MAC the reference trajectory is represented by a first order model and computed
over the prediction horizon N2 as:

Wk+iymr = Q w(k+i—1)mr + (1 - a)wk (1 . 18)

where i=1, 2, ...... , N2, a=e""'%s 1 is the time constant of the first order

reference model, 7 is the sampling time, w, is the set-point with the initial value of

Wtymr =Yi and the subscript mr refers to model reference. Predictions of the

outputs j steps ahead in the future are computed from equation (1.2) and can be

written as;

Ny

1
Yewrpm= Z Riipsjii-1

In a vector form;
Yikrjyim thuk-i-j =”f+,~h (1.19)
with:
hT =[h(1) h(2)---h(N,)];
r _
Ui = [Upsjo1 Ypaj2  UgsjN, ]

The subscript im refers to internal model.

The future inputs are assumed to remain unchanged that is:
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Atpy ;g =Upy;q—up1=0 fori=1,2, ..., N2
Y (k+1)im
Y(k+2)i T

Yoyim = T =hy (1.20)
Y(k+N2)im

To take into account the unknown disturbances the predicted outputs are modified

to include the measured output y, of the system over the prediction horizon N2:

*
Y(k+1)im

*
Yo =| TEDm | with

_y;k+N2)im ]

Yksiyim = Yikairim + [k = Yiyim] (1.21)

The prediction error is given by:

For allowed changes in the input variable over the prediction horizon the prediction

error can be expressed as:

e=Y, ~Y. - HA# (1.22)

my

where:

T
Au” =[Auy Auy iy Augyng ]
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B0 0
h h :
H= "7 ]
: 0
hyy Ao 0 By

The quadratic cost function is given by :
J=ele+ 22 AuT At (1.23)

where A is a penalising factor for the variations in the input signal. The optimal
control sequence that minimises the error e, is obtained from the minimisation of

the quadratic cost function with respect to A# , is given by:

AT =(HTH+ 22D 'HY' (¥, -Y"im) (1.24)

Only the first element of the control increments will be selected at each sample to

give:
U =Up -+ Auk

1.5.3 Generalised Predictive Control (GPC)
The input-output CARIMA model in a backward shift operator is given by [1, 5]:

A@@ e =B@ ™ +Cg 7 v /A (1.25)

where polynomials A(q'l) and B(g™!) are the plant polynomials, q'1 is the
backward shift operator, C(g™") is a user defined design polynomial serves as an

observer, A is a differencing operator (1- q"l) which ensures the integral action to
cancel the effect of offset disturbance and v is a white noise disturbance with zero

mean value. Equation (1.25) can be written as:

A(@ My, =B@@ D +Cl@™ Wi /A (1.26)

Define a Diophantine equation as follows:
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E;(q )4 HA+q F;g™)=C¢™) (1.27)
where the polynomials £ J-(q_l) and F; (q'l) are uniquely defined and are of

orders j—1 and ny respectively. Multiplying equation (1.26) by g’ E j(q-l) A

gives:

9’ E (a7 =4’ B@™E (g 7)Auy

i » (1.28)
+q°C(@ )E (@ vy
Substitute equation (1.27) into equation (1.28) to get:
-1 F -1
1 B@™ @)
Vv =E; @) 37 AUy j = Vi
T ey T @™ (1.29)

+Ej (@7 Wi
where y; ; is the plant output j steps ahead. Taking the expected value of both

sides of the above equation and from the assumption that the disturbance term has a
zero mean value, thus the last term is zero. This gives the following optimal

predictor:

Fiej = F(@™)/C@ ™ yi +Ep(@ Bl @™ Aty (1.30)
Vi+; is a function of the measured current output y, and future information in

terms of future control inputs. This future information can be separated into past

known and future signals using another Diophantine equation:

E(@)Bg") =G, (g7)C(g)+q7T,;(g) (1.31)
Hence:

iy =G (@ DA ;1 +T (g A, 1C(g™)

1.32
+F (g Dy, 1C@™") (132)

N -1 N
Yierj =G (@ ) Aupy ;1 Vi (1.33)
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where:

Prajie=T ;@@ )buy 1 Cq™) + Fi (g i 1C(@™)

The term J;,;/ represents the free response prediction. This equation has the

following vector form:
F=[Vii1k» Vivarks Vit3ik s - Ye+N2/k ]

Next define the vector of future control increments U (giving that Aug, ;=0 for

J 2 Nu):

Finally define the vector of the plant predicted outputs:

Y=[Jr1: Vis2s Vi3> o Pan2 ]
The prediction equation (1.33) can be written in a vector form:
Y=GU +F (1.34)

where G is a matrix of dimension N2 x Nu and it is composed of the step response

parameters g; of the plant model B/ AA and is given by:

g0 0 0 0

81 8o 0 0

G=| & &1 8o 0
| EN2 8N2-1 8N2-2 . 8N2-Nu i

The cost function to be minimised is given by:

N2 5 Nu 5
Jepc = 'Z]:VI [Visj = Wrej1” + _Zl'l[Aukﬂ‘_l] (1.35)
J= J=

Substituting equation (1.34) and equation (1.35) to get:
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Jepc =(Y- W) (Y-W+AU U (1.36)
This can be minimised with respect to the controller output sequence vector U to

get the optimum controller output sequence:

U=G"G+AD)'G" (W-F)
(2.19) This equation gives the optimal future control increments for times t up to
k+Nu-1. At time t the first element of the vector U i.e., Auy is applied to the

process. At time £+ 1 the whole process is repeated using the information available.
Then the process is repeated in the next time instants. This procedure is known as

the receding horizon.

1.6 Comparison of the Methods

The strategy followed to derive these three methods can be summarised as follows:
Each of these methods makes use of a process and disturbance model. The process
models are used for output prediction. Future errors between the predicted outputs
and future reference inputs are calculated over the assumed prediction horizons. A
quadratic cost function is optimised to calculate a vector of optimal control signals
that minimises the future tracking errors. It can be seen that these three algorithms
follow the same strategy to derive the optimal control sequences. However, there
are several differences among these algorithms:

e Each algorithm makes use of a different process and disturbance model that is, in
MAC the process is described by its impulse response model, in DMC the process
is described by a step response model and in GPC the process is described by a
CARIMA model. The type of the model determines the type of the process that can

be controlled. For instance unstable plants can not be modelled by finite responses.

e There is a difference in the way the disturbances are handled. In GPC the offsets
due to load disturbances are eliminated by the assumed integral action whereas in
MAC and DMC correcting the difference between the actual and the predicted

outputs eliminates the offsets due to load disturbances.
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¢ Different reference trajectories are used.
e The number of tuning parameters is different in the three algorithms.

The following comparison illustrates the differences between the three well-known
MBPC algorithms and Table 1.2 summarises the main parameters of the cost

functions for each algorithm [3, 13]:

Control Algorithm | N1 N2 Nu A
GPC v v v v
DMC v v v v
MAC 1 v Nu=N2 v

Table 1.2: A summary of the tuning parameters of the three algorithms.

It can be seen that for MAC, N1 is fixed to one and Nu to N2, and so it has less
tuning parameters than GPC and DMC. MAC is unsuitable for nonminimum-phase
plants [3]. DMC is suitable for open-loop stable processes but open-loop unstable
process cannot be controlled [7]. GPC is the only algorithm that can handle
processes that are simultaneously nonminimum-phase and unstable [3]. Moreover
many MBPC algorithms can be seen as GPC special cases. For instance, EHAC and
EPSAC are its special cases for N1=N2=d>dl , d= the process time delay, dl= the
process dead time, Nu=1 and A =0 and Nl=1, N2=d>dl, Nu=1 and A=0,
respectively. It can be seen tha GPC algorithtm can deal with a wider range of

processes (complex processes).
1.7 _Conclusions

Model Based Predictive Control algorithms have been successfully applied in the
field of process industry as well as other applications such as robotics, aviation etc.
These algorithms share common ideas such as receding horizon principle,

minimisation of a certain cost function, and the use of a process model.
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In this Chapter the advantages and disadvantages of MBPC algorithms were
summarised and some of the commonly used process and disturbance models were
discussed. Three of the well-known MBPC algorithms were discussed and their
advantages and disadvantages were stated. The algorithms were compared to
illustrate the differences and similarities between them. It was concluded that GPC
algorithm has more advantages over other MBPC algorithms in the sense that it can
deal with wider range of processes namely, those which are simultaneously
open-loop unstable and nonminimum-phase. This algorithm will be discussed in

details in the next Chapter.
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Chapter Two

Robust Multivariable Predictive Control

2.1 Introduction

GPC algorithm is characterised by its simplicity, flexibility (due to its large number
of tuning and design parameters), its applicability to a wide range of processes,
simple as well as complex ones, and within its formulation many other algorithms
can be obtained as its special cases. This has made GPC popular and it has found

many applications in process industry.

GPC algorithms are readily formulated both in polynomial and state space
representations for SISO and MIMO systems. The first GPC algorithm due to
Clarke and his co-workers [1, 2] was formulated for SISO systems in polynomial
form using CARIMA process model. Based on a multivariable CARIMA process
model multivariable Diophantine equations were solved to derive a multivariable

control algorithm [18].

A SISO state space description for GPC controllers was presented by Ordys and
Clarke [20]. The assumed state space process model includes, the increment of the

control signal Au, to provide integral action, and the disturbance term v, which
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affects future state and current output of the process is assumed to be white

Gaussian noise with zero mean value and variance o . The extension of SISO state

space GPC algorithm to a multivariable algorithm is also considered [20, 25, 26].

A state space representation of a process that could be either minimal or non-
minimal is not unique that is, within a similarity transformation several descriptions
can be derived. Several forms of state space models are discussed in [20]. State

space representation has some advantages over the polynomial descriptions [27].

e The extension of SISO state space systems to MIMO systems is straight

forward.
e State space models are more suitable for digital computers.

e State space equations are first order differential equations. This makes them

simple to manipulate.

e Multivariable systems and advanced optimal and robust control techniques are
usually formulated in state space and use state space based algorithms for their

numerical solutions.

e Time varying and nonlinear systems are more naturally represented in state

space.

For these reasons, the multivariable GPC algorithm that will be discussed here is
formulated in state space and hence the analysis and the design that will follow .will
be also in state space throughout the following Chapters. Both the unconstrained
and constrained GPC algorithms will be discussed. The constraints that have been
presented in [29] will be extended for the multivariable state space GPC algorithm.
GPC closed-loop formulation will be used to derive conditions for performance and
stability robustness of the closed-loop system. Simulation example of a
multivariable GPC controller will be presented to demonstrate the tuning procedure

of the controller.
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2.2 Multivariable State Space GPC Algorithm Formulation

State space GPC algorithms for both SISO and MIMO processes have been
presented in [20, 25, 26]. The algorithm that is discussed here is based on the
formulation given in [26]. The first step in deriving a GPC algorithm is to select a
suitable process model, the second is to construct an optimal output predictor, the
third is to calculate a vector of state estimates using a state estimator, this is
needed in the case of state space formulation, and finally, a quadratic objective

function should be minimised to calculate the control law.

2.2.1 Process Model

The assumed discrete-time state space process model is the general state space

model given by:

Xy = Axy + BAuy, + Ew,,; 2.1
Vi = ka + DAuk + Vi (22)

where A4 is (nx n) system matrix, B is (n x p) input matrix, C is (» x n) output
matrix, D is (7 x p) direct transmission matrix, £ is the (nxn) input disturbance
matrix, w,; is the process noise which includes all errors due to modelling and the
stochastic disturbances, v, is being the output measurement noise vector. An

integral action is being added to the general state space model by using the control

increment Aw, =u; —u,_; in place of the control signal u;. The integral action

affects the state matrix 4 and makes some of the eigenvalues of 4 equal to one

[20]. The assumed noises w,,; and v, are uncorrelated and modelled as Gaussian

distributed, white, stationary random processes with the following properties:

£ o £ T \_ 0 izk
O} =0, Elrawi) =iy T
E{v;}=0 Epply={ 0 7% 23
{vk}=0, vivi } = R, i=k (2.3)
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Ew,, v, }=0

where E(.) is being the expectation operator, J,, is the process noise covariance

matrix and R, is the measurement noise covariance matrix.

2.2.2 The Optimal Qutput Predictor

To formulate the GPC algorithm, an output predictor is required. This is done first,
by constructing a j-step ahead output signal through recursive substitution of the

state equation (2.1) into the output equation (2.2) for j times to give:

. 21 i
Visj =CA'x) + X CAY""VBAuy,; + DAuy, ;
=0 (2.4)

JZL L GeinD)
+'ZOCA1 EWpppers +Vies,
i=

Then, by taking the expected value of equation (2.4) an optimal output predictor is

obtained:

}A’k+j :E{yk+j I yi}
=CAE(x; / y;)

j-1 ..
+ 'ZOCA(’""DBAukH + DAuy (2.5)
i=

j-1 ..
+ L CAV T DE{EW 1)} + EOiy )
i=0

This predictor can be simplified using the noise properties given in equations (2.3)

and denoting %, = E(x; / y;):

. N S S

Psj =CAI %y + L CAYDBAu,; + DAwy, (2.6)
i=0

X, is the state vector estimate. This can be obtained using a steady state Kalman

filter,
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2.2.3 Kalman Filter

Kalman filter is an optimal state observer suitable for stochastic processes. The
discrete time Kalman filter that is used here for state estimation is a linear stationary
filter. It requires the state and the observation equations to be linear in state to
obtain the state estimate covariance equations. Kalman filter is designed to minimise
the variance of the error ¢; between the true state x, and the estimated state X .
Besides state estimation Kalman filter can be interpreted as a disturbance filter like
the T-polynomial filter given in [1, 2] for polynomial GPC design. Moreover the
use of Kalman filter leads to a systematic design procedure for any disturbance
model even in the case of unstable processes [25]. The steady state Kalman filter

estimator is given by:
£k+1 =A)?k +BAuk +1\/1[yk-—C5Ek -—DAuk] (27)

M represents the Kalman gain matrix which adapts the estimated model states to

the measured process outputs.
M = APCT[CPCT -R,T™ (2.8)

where R, is the measurement noise covariance matrix and P is the unique

symmetric non-negative definite solution of a discrete-time algebraic Riccati

equation given by:

[4- MCIP[A- MC)" - P+GQ,G” + MRMT =0 (2.9)

MATLAB control toolbox provides a solution to the problem of steady state

Kalman filter.
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2.2.4 Cost Function and The Optimal Control Law

The cost function is of the following quadratic form:

T
J= .]%2 [wk+j —_)’;k-p-j] 7[wk+j —j}k'*'j]
Jj=N1
AT S

(2.10)

where N1is the minimum output horizon, N2 is the maximum output horizon,

Nu is the control horizon, y is the weighting on the tracking error, and A is the
weighting on the control increments Au; . This cost function includes two terms,

the first one is the summation of the weighted squares of the tracking error over the
horizon N1 to N2 and the second term is the summation of the weighted squares of

the control increments. The control increments Au;, ; are assumed to be constant

for j> Nu.

The vector representation of the cost function is,

J=(W-)TTW-9)+AuT AAT (2.11)
where,

W=[wl ni. - wi.no17, Wisavector of future set-points,

AT =[Auf -, Auf, v11", Al is the vector of control increments and

A" =[Augy, Auyy e, Augy |

Auy, i1s the control increment of the pth control input.

The output predictor in a vector form is given by:

= F% + HmAii (2.12)

A AT AT T
Y=ksn1s 5 Vien2]
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AT n n :
Yierj =DV kens Vel J=NLN2

V(k+jy» is the rth predicted output and the first term of the output predictor is the

free response and the second is the forced response,

car Ay e h”l;”“ CA'Bm >0

F= . |, Hm=s| . . .7 _ |,h={ Dm i=-1

. . e 0 <ol
c4™ Byay woe o By,

Hm contains the step response coefficients for i >0, I' and A are diagonal

weighting matrices as follows:

/4 0 7, 0
I= , where y = .

0 y 0 Y,

A 0 A, 0
A= , where A= .

0 A 0 A

?
v, 1s the weighting on the rth tracking error and 1, is the weighting on the pth
control increment.

Now we can substitute equation (2.12) into (2.11) to get:

J = Au T [Hm" THm+ AJA# — 2(W — F£)T THmA#

2.13
+(W-F2)TT(W - F) @13)

Minimise with respect to A% :

aJ

i 2[Hm" THm + AJAiE — 2Hm ' T(W - F£) =0
u

This leads to the following optimal control law:

A% =[HmT'THm+ Al Hn'T (W - F%) (2.14)
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Only the first element of the vector A% is used to obtain the control signal:
Uy =Up_y + Auk

In the next time step the procedure is repeated. This leads to open loop feedback
control action. GPC control law equation (2.14) contains two terms. The first term
can be considered as a feedforward part and the second term as a state feedback

part.

2.3 GPC Tuning Parameters Selection Rules

The guidelines of choosing the tuning parameters are summarised here:

e N1: The minimum (lower) output horizon and is associated with the process
dead time dl. When the value of the dead time is known N1 set equal to d/ +1
otherwise N1 is set to one. Higher values of N1 reduces the amount of

computations and results in smoother control action.

e N2: The maximum (upper) output horizon is recommended to be equal to the
plant rise time [3]. In case of nonminimum-phase plant, which has an initial negative
going response, the value of N2 is chosen such that some of the positive going
response samples are included in the costing. For stable processes, when N2 is
chosen high enough (equals to the process settling time), it gives a closed-loop

response speed nearly equal to that of the open-loop.

e Nu: The control horizon is set to one for simple plant. For complex plants the
value of Nu is set at least equal to the number of unstable poles or the poles near
the stability boundary. Increased values of Nu results in a faster control action and

hence more active manipulated variable.

e 1 : The control costing (control-weighting) penalises the control increments. It
prevents the output signal from increasing and is used for fine tuning the damped
control modes. For numerical stability reasons the values of A are recommended to

be chosen very small [26].
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° ¥, The weighting on the tracking errors. It is recommended to have values in
the range [62]:
O<y, <1, i=12,..,r.

with r refers to the rth output.

2.4 Constrained GPC

The real time processes are subject to constraints. The process variables should stay
within specified boundaries (limits), due to design requirements, physical limitations
and safety regulations. For instance, in certain plants it may be needed to have some
variables such as, temperature, power, pressure, level, etc., to be governed to pre-
specified values. In this case, the controller must be capable of handling such
constraints. GPC algorithms having these capabilities have been derived and applied
to processes with different types of constraints. The general optimisation problem

can be stated as follows.

Optimisation is either a minimisation or a maximisation problem. Solving an
optimisation problem usually requires an iterative procedure. However if the
objective function, to be minimised or maximised, is quadratic then an analytical

solution is available. A quadratic objective function J(u, e), where u is the process

input and e is the tracking error, can be minimised when there is no constraints by
equating its first derivative (e.g. with respect to u) to zero. On the other hand if
there exist constraints on the process variables the optimisation of the objective
function is no longer analytically possible and an iterative procedure is required

(search method).

When there is no constraints GPC optimisation problem is solved analytically as
already discussed in Section 2.2.4. However, in the presence of constraints the
problem is difficult to solve analytically and numerical optimisation methods are

required. Several works dealing with constrained GPC problem have been
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presented over the past ten years. Tsang and Clarke [30] have derived GPC
algorithm with input constraints (amplitude and rate constraints) by minimising a
multi-stage cost function using a Quadratic Programming, (QP) method. They
stated that other constraints, such as output and state constraints, can also be
handled by their algorithm. Their algorithm is suitable for a wide range of low
speed control application (i.e. chemical industry). However, it is not suitable for
fast systems due to the large amount of computations required by this method. De
Madrid et al., [91] have suggested the application of dynamic programming method
to solve GPC constrained problem in order to reduce the computational effort
required during the optimisation process. Kuznetsov and Clarke [29] have
minimised GPC cost function subject to four different types of constraints namely,
constraints on control increments, constraints on control signal amplitude,
constraints on overshoot and constraints on the outputs as a problem of quadratic

programming optimisation.

2.5 Constrained GPC Formulation

Violation of constraints may result in poor performance of the control system, loss
of production and equipment damage. Thus, constraints must be taken into
consideration during design stage of the control system and their violation must be
predicted and corrected by the control system [28]. Amplitude limitations on
control signals, slew rate limits of actuator (limitations on control increments),
limitations on the output signals (normally imposed for safety reasons) and limiting
overshoot are the most commonly types of constraints experienced in process
industry. The four constraints given in [29] are extended here to the multivariable

state space GPC algorithm:

1. Constraints on control signal: The amplitude of the current and future control

signals can be limited to upper ., and lower u_, limits. It follows that,
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i
JE]AukJrj—l:”kJrj—]‘”k—] 2.15)
where,
T

Aupy i =[Augyjo1y1s -5 Ay j-1)p]

T
Uy i1 = U jyts s Uk j-1)p]

T

Uy = [U-1)1> Uk-1)2> - > Ugk-1)p]

The upper and the lower limits on the control signal, over the horizon j =N, ,N,,
with N, and N, represent the upper and lower constraint horizons, are expressed

as.

Umin = uk+_] 1= Upax (2-16)

T
Umax = [Uk+ j—1ymax1>-++> Y(k+j—1) max pl

T
Umin = [u(k+j—l)minla'-~: u(k+j—l)minp]

Equation (2.16) can be written in terms of the control increments Aug,; ; as

follows:
i
— U 3 ZAuk+j—1 < Umax — Up-1 (2-17)

In vector form:

U, <U<U

max

(2.18)

T TqT
Umin = [(umin _uk—l) :---’(umin _uk—l) ]
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7T T T
U= [Auk+N1u—1’ o A 1]

TqT
Umax = [(Umax ~%j- )T sooes (Umax —Up_1)" ]
Hence, the constraints on the control signals as inequalities are:
LU <U,,,, LU<-U_, (2.19)

L is a lower triangular matrix given by:

0.0
L ¢¢O =1, | (2.20)
P90

where [ is an identity matrix of dimension px p, p represents the number of

inputs, and L is of dimension (p x Nu) x (p x Nu) for N, =1 and N, = Nu.

2. Constraints on control increments: Each control increment of Au;, j-1 can be
limited to a maximum Au,,,. and a minimum Au,, limit over a lower N,,, and an

upper N, ,, horizons thus we can write:

Aumin < Auk+j_1 < Aumax for ] = NIAM’ NUAu (221)
T

Allpay = [Au(k+j—1)maxl: ees Au(k+j—l)maxp]

T
Aumin = [Au(k+j—l)min | EXRRE Au(lu:+j—l) min p ]
Let,

77 AT T T
U= (A% vy At Nypp-1]
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U pax = (At max, ..., Au” max)”
Upin = (AT min, .., At in)”
The constraint on control increments can be expressed by the following inequalities:
(2.22)

where I is a diagonal matrix of dimensions:

(DX (Nypyy = Nip)) X (X (N ypy, = Nipy)) -

3. Output constraints: The outputs of a process can be limited by introducing

upper and lower output constraints y,,. and y.... The output constraints have the

following form.

Ymin < Vi+; S Ymaxs OVer the horizon j= N, , N, (2.23)

T
Ymax = [y(k+j—-l)maxla“~’ y(k+j—1)maxr]

where N, and N, are the lower and the upper constraint horizons for the output.

Equation 2.23 will be met only if we have a perfect model of the process to be able

to replace yj,; with the optimal output predictior y;, ;- It is assumed here that the

modelling errors are negligible. Thus, Substituting from the prediction equation

(2.12) for yy,;, and using vector notations, results in:
—HmyU < -Y,, +Fy%, HmyU <Y __ - Fy%, (2.29)
Yiax = [miax, s miaX]T

T T T
Ymin :[y min, ...,y min]
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where Hmy is a submatrix of Hm and Fy is a submatrix of F, with dimensions

(P Ny — Ny ) x (pX(Nu)and (r)(N,, — Ny, ) x (n) respectively, and are given

by:
(hN’.y'l o vy CA'Bm i>0
Hmy= s hi= Dm i=-1
0 i<—1
_hNuy—l hNuy—Nu_
ca™
Fy=

4. Overshoot constraint: Undesired overshoots in process outputs can be limited
by introducing overshoot constraints. For the set-point w greater than the current
output y, and for the set-point w less than the current output y;, a set of constraints

can be written respectively as:

yk+jSW, j:Nlo;Nuo ls]vloS]vuo (2'25)

_yk+j <-w, j:Nlo,Nuo 1S]\,IOSZ\[ (226)

uo

where N, and N, are the lower and the upper constraint horizons for overshoot.

Using the prediction equation (2.12) to replace for y;, ; we get:

HmoU <w Fox for w> y, (2.27)

max

—HmoU < —w, +Fox  for w<y, (2.28)

max
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where Hmo is a submatrix of the matrix Am and Fo is a submatrix of F, with
dimensions (r)(N,, — N;,) x (p)(Nu) and (r}(N,, — N,,) x (n) respectively, and

are given by:

Mot Tt =N CA'Bm 20
Hmo= , h=¢ Dm i=-1
Py-1 e hNuo—Nu 0 i<-l
C4Nio
Fo= :
s

All the inequality constraints can be expressed in the following compact form:

NAU <g (2.29)
N=({ -I L -L Hmy —-Hmy +Hmo)" (2.30)
g=(U" -U" UL, -UL (YuarFVE)T (Yot Fy%)T + (Wra-Fo£)T)T (2.31)

When the cost function equation (2.13) is combined with the constraints (2.29) and

(2.30), a nonlinear quadratic optimisation problem is formulated:

min,, { AUTHAU + h" AU } subject to NAU <g (2.32)
H=[Hm'THm + A] (2.33)
and A" = 2(w- f)'THm (2.34)

This optimisation problem can be solved using a QP algorithm. Other constraints

such as, non-minimum phase behaviour constraints, actuator nonlinearities
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constraints and terminal state constraints [18] can be taken into consideration
during the optimisation of GPC cost function. As the number of constraints
increases the amount of computations required for the optimisation process will

also increase.

2.6 Properties of GPC

Properties of a control system can be described in terms of how well the controller
deals with the unwanted signals (the control system performance) and how good it
regulates changes in, parameter variations, internal behaviour of the controlled
system (the control system robustness) [14]. A controller must have the ability to
handle a wide range of problems that are commonly found in process industry such
as unmeasurable disturbances, measurement noise, interactions from one loop to
another, actuator limitations, process dead times, time delays, nonminimum-phase
behaviour, unmodelled process dynamics, etc. There is no specific controller that
can handle or solve all these problems at the same time. However, it is possible to
design a controller that can handle many of these problems efficiently. Properties of
GPC have been examined in many works [1, 2, 3, 18, 31, 32, 33] and some stability
theorems for special cases of GPC have been presented [2, 3]. Closed-loop Analysis
is used to investigate the controller stability and the way in which it can be
improved and how disturbance models can be added to improve the regulation of

the controller performance [32, 33, 34].
2.6.1 GPC Performance and Stability Robustness

A robust control system is a system that has a good disturbance rejection, gives
good regulation in the presence of disturbance, and low sensitivity to internal
changes of plant parameters. Also a control system is said to be robust if it has
adequate stability margins. It is important that a control system to be robust, with
respect to measurement error, plant disturbances, and modelling errors. A control
strategy that is commonly used to reduce the effects of disturbances, parameter

uncertainties, and unpredictable changes in the behaviour of a controlled system is
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feedback technique. Model uncertainties are due to process model approximation.
A control system must be robust against these model uncertainties because
processes usually are described by their approximate models especially those used
for control purposes. The robustness of GPC to model over- and under-
parametrization and fast sampling has been investigated in [2, 34]. The desired
speed of response is achieved by adjusting different GPC tuning parameters.
Simulation examples and experimental results have confirmed the theoretical
analysis and proved the ability of GPC to yield a consistent closed-loop behaviour
for large process variations [32]. Closed-loop formulation and analysis of input
output GPC have been carried out by Clarke ef al., [2, 3]. They studied the effects
of different tuning parameters, user specified polynomials (pre-filter polynomials),
over- and under-parametrization and unknown or variable time delay on the closed-

loop performance. Robinson and Clarke [33] examined the effects of the pre-filter
polynomials 7(q™") and P(q™") on the closed-loop stability and robustness of two

special cases of GPC (i.e. mean level and dead beat GPC) in the presence of model
mismatch.. Banerjee ef al., [34] examined the effects of tuning parameters, model
mismatch, and filter polynomials on the performance and stability as well as the
robustness of GPC in frequency domain using small signal theorem. In the above
mentioned analysis it is obvious that GPC algorithm has a reasonable closed-loop
performance and robustness. A new performance and stability robustness method
for multivariable state space GPC will be presented in the next Section. The method

is similar to the one used for H,, control design and analysis.

2.6.2 Multivariable State Space GPC Closed-Loop Formulation

In this section the closed-loop formulation of GPC is presented. Frequency domain
indicators are derived to assess the system stability and performance robustness and
to tune Kalman filter such that the robustness is improved. The linear state space

quadruple (A4,B,C,D) of a process is used for designing both GPC and Kalman

filter state estimator. The closed-loop linear system model is shown in Figure 2.1.
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Figure 2.1: GPC closed-loop linear model.
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For zero initial conditions equation (2.7) can be written in z-domain as:

28(z) = A%(z) + BAu(z) + M(y(z) - C¥(z) — DAu(z)) (2.35)
{Iz — (A - MC)}3(z) = (B — MD)Au(z) + My(z)

#(2) = [Iz — (4 = MC)]™ (B = MD)Au(z) +[Iz - (4 - MC)]™ My(2) (2.36)
K =2(z)/ Au(z), s, = [lz=(4=MC)]™ (B~ MD)

Define the quadruple model of Kalman filter as:

A-MC B-MD
Kpu = ] 0 (2.37)
Ky = 22)/ Yz pugzyepoy=L[Iz—(A-MC)]' M
Define,
K. = (A - MC Mj (2.38)
I 0

K; and K, are the system matrices that represent the effects of inputs and

outputs on the Kalman filter.
The process transfer function is defined as:
G, =C[lz- AT'B+D

or in a quadruple form:

A B
G, :(C D) (2.39)
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where:
K, =FK, (2.42)
K, =[7 +KgchKﬁu ]‘lKgpc (2.43)

2.7 Singular Values

Singular values of a matrix 4 e C™" are denoted by o,(4) and defined as the &

largest non-negative square roots of the eigenvalues of 4°4:

o,(4) =/1,(4°4) P=12 k

and ordered such that

where, C"™" denotes a linear space of mx n complex matrices, 4" is the complex
conjugate of the matrix 4. The maximum and the minimum singular values of the

matrix A are given respectively as:

F(4)=0,(4) (2.44)
o(4)=0(4) (2.45)

where, 0(4) and o(A) can be regarded as the upper and the lower bound of the

gain of the system matrix 4.

The importance of singular values in control theory is that they can be used to
compute the frequency response of a multivariable system which can be seen as the
extension of the SISO amplitude Bode plot to the multivariable systems. The
stability and performance analysis of a multivariable system can be done using
singular values of the closed-loop system to show whether improvements can be

obtained when design parameters are modified.
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2.8 Performance and Stability Robustness

Sensitivity functions (sensitivity, complementary sensitivity and control sensitivity)
and unstructured additive and multiplicative perturbations are used for the
assessment of the performance and stability robustness of the control design [40,
41]. The sensitivity functions of GPC closed-loop system are derived using the

general multivariable feedback system shown in Figure 2.4 as follows:

€ d
w Au 4 y
N eu c [

v
~

y
Q

N

K 5 |«

Figure 2.4: Reduced form of GPC closed loop system.

y=d+GAu, e=w-K,(y+n), Au=K_e
y=d+GK,(w-Ky,(y+n))
y=d+GK,w-GK,Kyy+GK,Kyn

Hence,

y=[U+GK,K,"'d+[I+GK,K;T"'G.K,w

+[I +G,K, K517 G.K, Kyn (2.46)
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T,=[I+G.KK,]" (2.47)
vd ¥id

c”eu

T, = +GK,K;T'GK,K, (2.48)

c”Teu ¢ eu

The transfer function matrix from y to d denoted as T,

" 18 the sensitivity function

and the transfer function matrix from y to n denoted as 7, is the complementary

sensitivity function.

The relation between the reference input w and the control signal Au can be found

as follows:

Au=K, (w~-K;(d+GAu+n))

Au=[I+K K,G1'Kw-[I+K, K.G, ]'K, K d-{I +K, K, G.T'K, Kyn
Tuw = +K K,G.T'K,, (2.49)
T,

is the control sensitivity function which is a measure of control activity and

Uw

tracking properties of the control design.

A measure of systems closed-loop stability is the maximum singular value of the
additive perturbation AGc. AGc is the transfer function matrix seen between the

points xa xb as shown in Figure 2.5 and can be found as follows:
e=w—-K,y, y=b+G,4u, Au=K_e

A=K, (w-K,(b+G, 4u))

Au=[I+K, K.G, ]'(K,w-K,K.,b)

Hence,
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M, = AG, = ﬁ‘bﬁ = [I+K,K,G, ] K.K, (2.50)

M , is the transfer function matrix seen by the additive perturbation AGc.

) AG, ——
X a x b
W ~+ € Au @ y
P k.. | G, ;
f
Kfy <

Figure 2.5: Additive perturbation.

Expressions for input and output multiplicative plant perturbations can be derived
following the same procedure using Figure 2.6. The equivalent transfer function
matrices seen by the input and output multiplicative perturbations are given

respectively as:

M, =-[I+K K, G ]"'K,K,G, (2.51)
M,=-[1+G K, K, ] 'GK,K, (2.52)
— 2 — ™ AGC —
x ‘1 x X X y
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Figure 2.6 Input and output multiplicative perturbations.
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The transfer function matrix M, is the transfer function matrix seen by the additive
perturbation. Its maximum singular value describes the magnitude of the maximum
allowable unstructured additive uncertainty, thus a measure of robustness. A, and
M, are the transfer function matrices seen by the input and output multiplicative
perturbations respectively. Their maximum singular values describe the magnitude
of the maximum allowable unstructured input and output multiplicative

perturbations respectively, thus are measures of robustness.

2.9 Industrial Applications

Many practical applications have been reported in different publications. Clarke et
al., [3] have cited seven applications of GPC including a cement mill where a
conventional PID controller has been replaced by GPC giving better performance,
to an industrial spray dryer where a multivariable GPC resuited in reduced

interactions, and to a robotics arm which gave good results.

Many other applications of GPC algorithm have been reported in literature. Linkens
and Mahfouf [38] have reported an application of GPC algorithm in clinical
Anaesthesia where, first a SISO GPC algorithm has been applied giving excellent
regulation and robustness results. This work has been extended to the multivariable
case which again has proved the effectiveness of the algorithm and its superiority
over other control techniques which have been previously used in this field (PID
and Pole-Placement). Dumor and Boucher [35] have applied GPC in the field of
machine tools. Camacho and Berenguel [36] have applied the adaptive and gain-
scheduling versions of GPC to a solar power plant under different operating
conditions maintaining good performance in spite of the changes in the dynamics of
the process. Lu and Hogg [37] have reported the application of self-tuning GPC to
a 200 MW oil-fired thermal power plant to improve its dynamic response by
controlling the steam pressure. Their results showed that the pressure is more

stabilised than the conventional control over a wide range of operating conditions.
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2.10 _Simulation Example

2.10.1 Process Description

This simulation example is to demonstrate the tuning procedure of GPC controller
and to examine the effects of each individual tuning parameter and the weighting
matrices on the process outputs. The process model used in this demonstration is of
a multi-stream distillation column given in [39]. The output variables y1, y2 and y3
represent overhead and two sidestream compositions. The inputs ul, u2 and u3 are
the input manipulated variables which represent the flow rates. The system transfer
function matrix of the process is a lower triangle with first order transfer functions.
There are significant interactions between the input and output variables. The
interactions are non-symmetrical which results in a non-symmetrical multivariable

system. The continuous state space model of the plant has the following matrices:

[—0111 0 0 0 0 0
0 -0125 O 0 0 0
A 0 0 -0167 O 0 0 |
0 0 0 -01 O 0o |
0 0 0 0 -0125 O
0 0 0 0 0  -0143]
1 0 0]
1 00
1 00000 00 0
010
B=1OO;C=011000; D=0 0 0|;
000111 00 0
01 0
0 0 1]

where A is 6x 6 diagonal system matrix, B is 6x 3 inputs matrix, C is 3x 6
outputs matrix. This system is both controllable and observable. The eigenvalues of

the system matrix A show that the system is stable.



Chapter 2. Robust Multivariable Predictive Control 47

2.10.2 GPC Controller Design and Tuning Procedure

The first step in GPC controller design is to determine the step responses of the
open-loop process and to check its modes. The second step is to calculate the
longest rise and settling times of the process from the step responses. The third is to
apply the guidelines given in Section 2.3 to find The controller tuning parameters.
Next, a discretised linear mode! of the process and the tuning parameters are used
for designing Kalman filter and calculating GPC control law. Finally fine tuning is

required to get the desired performance.

The step responses of the process are shown in Figure 2.7. The longest measured
rise and settling times are 23 and 35 respectively. N2 is selected to be 23 to reduce
the amount of computations. From Figure 2.7 it is obvious that the process has
dead time and the longest is 2 hence N1=3 (from larger plots of the step response).
Since the process does not have unstable modes an arbitrary value of 5 for Nu is
selected. The linear model of the distillation column is discretised and used with the
tuning parameters for GPC control law calculation. After many trials, values for

A’s and y’s are set to 0.8, 0.1, 0.43 and 0.01, 0.01, 0.001 respectively. The

algorithm is implemented in MATLAB.

10 T T
5r 4
0 : " " 5
0 20 40 60 80 100
20 T T T '
10 1
0 1 " " )
0 20 40 60 80 100
40 T T T T
20 N
y3
0 L s 1 L
0 20 40 60 80 100

time sec

Figure 2.7: process open loop step responses.
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2.10.3 Simulation Results

Simulation is performed at different sets of tuning parameters and weighting
elements. Each tuning parameter is varied in a specified range with the others fixed

to given values to investigate its effects on the process outputs.

2.10.3.1 Effects of N1

All the controller parameters are fixed except for N1 which is set to the following
values N1=3 and N1=12. As the value of N1 is increased from 3 the process output
responses became slower with longer rise and settling times and the overshoots are

reduced. This can be seen in Figure 2.8.

0.2] i )
N1=3 —and N1=12 —- — )
v 0.1 — (=
0 T \ . .
00 29 4.0 QO 89 100
-0.05E \k—-_-—.: e i
y2
-0.1 y
0 20 40 60 80 100
0.05 T
— N
y3 /’/:—
%% 20 40 _ 60 80 100
time sec

Figure 2.8: the effects of N1 on process outputs.

2.10.3.2 Effects N2

The speed of response in all the outputs increases as N2 is reduced from 23 to 15.
Moreover the overshoots caused by set-points interaction are decreased as N2 is

decreased. This is shown in Figure 2.9.
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Figure 2.9: the effects of N2 on process outputs.

2.10.3.3 Effects of Nu
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The control horizon Nu is increased from 3 to 15. The speed of all process outputs

are increased with large overshoot in output y3 due to interaction. This can be seen

from Figure 2.10.

0.2 :
Elu=3.__._ Nu=15........ J

y O /——"-‘ N . )

% 20 40 60 80 100
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time sec

Figure 2.10: the effects of Nu on process outputs.
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2.10.3.4 Effects of the Weighting on Control

The weighting A1 on the first input control signal has different effects on the
process outputs. While the speed of response of y2 is increased, as a result of an
increase inA1 from 0.01 to 0.1, the output y1 takes longer time to reach steady
state. Overshoots due to set-points interaction are nearly eliminated as shown in

Figure 2.11.

0.2 N T T T

y1 A1 = 0.01 —d] = 0] ceeeeeeees
-0.2

20
i \_ | |
-0.05F . .
y2
-0.1 20 40 60 80 100
0.05 : . . A
N
0 . \ . .
0 20 40 60 80 100

time sec

Figure 2.11: The effects of the weighting on the first input control signal.

The simulated plant model have interactions between its input and output variables
and the application of the multivariable GPC controller to this plant resulted in
decoupled outputs as can be seen from figure 2.11 and in good tracking
performance. The tuning parameters and weighting elements to achieve a good
performance are not unique. Many combinations can be obtained to fine tune the
controller. However, for systems with strong interactions, it is not easy to find
optimal settings easily for good performance. The controller has achieved set-point
decoupling as predicted. This is due to the fact that the control law has a term that

can be interpreted as a feed forward part.
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2.11 Conclusions

The advantages of state space representation of industrial processes over
polynomial descriptions were summarised. A multivariable state space GPC
algorithm was discussed and the selection rules for the tuning parameters were
summarised and discussed. The general optimisation problem was addressed and a
multivariable state space GPC constrained problem was solved as a QP
optimisation problem. Performance and stability robustness studies of GPC control
design were reviewed and a new performance and stability robustness method for
multivariable state space GPC was developed. The method is similar to the one
used for H,, control design and analysis. Conditions for performance and stability
robustness of GPC closed-loop system were derived. Simulation example of a

multivariable industrial process was presented to demonstrate the tuning procedure

of GPC controller.
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Chapter Three

Gas Turbine Power Plant Modelling and

Simulation

3.1 Introduction

In this chapter the operation of a gas turbine power plant and its subsystems will be
briefly discussed. A single unit gas turbine will be modelled. The implementation
and simulation of the nonlinear model on SIMULINK will be discussed and the
simulation results will be presented. The nonlinear model will be controlled using
conventional PID controllers. Controller tuning procedures will be presented and
the results will be analysed. The closed-loop linear model of the plant is then
derived and its order is reduced. The nonlinear and the linear model responses are

then compared and analysed.

The models developed in this Chapter are used as a basis for designing a second
layer of controllers for gas turbines to optimally manoeuvre the set-point to a new
steady state condition. The second layer is designed using GPC control design

technique.

Turbines are a means of producing mechanical power. Working fluids such as,
water, steam, air, etc., are used to drive the turbines. Usually hot gases produced by

boilers and nuclear reactors, bulky and expensive installations, are used indirectly to
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Fuel flow Combustion chamber
Air flow 4 { Exhaust gas
/ -
) Electric
Compressor Turbine generator

Figure 3.1: Open cycle gas turbine operation.

However, in the closed cycle operation Figure 3.2 the working gas repeatedly
circulates in the gas turbine system and additional energy is added to these gases by
heat exchange with another hot fluid heated in a boiler or a nuclear reactor. Coolers
are necessary in this type of systems to cool down the hot working fluid before

entering the compressor.

O

Compressor Pre-cooler Turbine generator

Figure 3.2: Closed cycle gas turbine operation.

Gas turbines can be constructed as single shaft, double shaft, or twin spool turbines.
Cohen [48] and Harman [47] gave a detailed review of these types. Here a single

unit gas turbine power plant will be briefly described.
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3.2.2 Structure

A single unit gas turbine power plant Figure 3.3 is composed of several

interconnected subsystems as follows:

Fuel system
Combustion chamber

Air supply subsystemn —»___/

Compressor |

Cooling system

Electric
generator

Turbine
Lube system

Figure 3.3: Single unit gas turbine power plant subsystems.

3.2.2.1 Fuel System

Fuel is supplied to the gas turbine combustion chamber in a controlled amount to
satisfy a predetermined fuel to air ratio for efficient combustion. The fuel is supplied
through feeding pumps and controlled valves (position servo, gas valve, pressure
ratio valve, dump valve and stop valve) [49] and sprayed through nozzles
distributed in the combustion chamber for the best combustion efficiency and

regular temperature distribution throughout the chamber.

3.2.2.2 Air Supply System

The air supply to the air compressor is cleaned by passing it through filters and then
passed through inlet guide vanes, which are controlled to provide the required

amount of air to the compressor.
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3.2.2.3 Cooling and Lubrication Systems

Thermal stresses in the turbine system may be developed as a result of high
temperature generated by combustion and friction between the mechanical rubbing
parts. This causes material fatigue and component failure. To reduce or to prevent

such effects, properly designed cooling and lubrication systems are necessary.

The lubrication system (pumps, piping system, oil reservoir and cooler, safety
devices, filters, etc.) circulates lubricants to cool the rubbing parts and to cool the
lubricants by heat exchange with external air or water. Oil ( the lubricant) is filtered

before returning back by passing it through filters.

Critical parts (the nozzles and rotor blades) of the turbine must be protected against
thermal stresses developed as a result of high working temperatures. This is
accomplished by the selection of proper materials to manufacture the critical parts
and properly designed cooling system. External parts of the turbine system can be
cooled by Coolants which may be air or other fluids. Coolants circulation is
achieved using pumps or bleeding some air from the low pressure compressor stage

to the cooling passages.

3.2.2.4 Compressor

Air compressors can be reciprocating or rotary types. Reciprocating air
compressors can be designed with a single or multi-stage. Rotary air compressors
include three types centrifugal compressors, axial flow compressors and positive
displacement compressors [47, 50]. Axial flow compressor which is commonly
used in gas turbines, is composed of fixed and moving blades. The fixed blades are
attached to the compressor outer casing and act as vanes and diffusers. The moving
blades are fixed to a rotor and are used to progress the air axially along the
compressor. With such a compressor compression ratios of 10:1 or more can be

obtained.



Chapter 3. Gas Turbine Power Plant Modelling and Simulation 57

3.3.2.5 Combustor

There are three types of combustors, tubular, annular and tuboannular [51]. A
tubular combustor consists of small tubular combustion chambers distributed
around the rotating shaft connecting the compressor and the turbine. This type is
used for centrifugal compressors. The combustor that is commonly used for axial
flow turbines is the annular combustor which consists of a single chamber
surrounding the rotating shaft. A combination of tubular and annular results in

tuboannular combustor.
3.2.2.6 Turbine

Radial flow and axial flow are the basic two types of turbines. The more suitable
turbine for high temperatures experienced in gas turbines is the axial flow type of
turbines [47]. Hot gases enter the turbine through nozzle guide vanes which direct
the gases on the blades that are arranged on the rotating shaft to extract the
maximum possible energy of the gases passing over them. Gases enter the axial
flow turbine at high temperature, pressure and velocity and leave the turbine at low
temperature, pressure and velocity. This causes expansion of the gases in the
turbine. Through this expansion energy is being released and delivered to the

rotating shaft of the turbine.

3.2.2.7 Electrical Generator

An electrical generator is a means of generating electrical energy. It is composed of
the generator, exciter, control and protection systems. It may be an ac (Alternating
current) or dc (Direct current) generator. An ac generator can be an induction type
or synchronous type. In the second type the output frequency is made equal exactly
to the rotational speed of the rotating parts. Most machines used for electrical
power generation are synchronous type due to their capability of generating much

more power than other machines. The generator mainly consists of two parts [57]:

e A rotor with field winding connected to an excitation system (self or separate

excitation) to provide the necessary (dc) current to produce magnetic fields.
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e Stator with armature windings arranged in three groups separated by one third
of a pole pair. These poles with the rotational speed of the machine determine the
output frequency. The rotating magnetic field when cuts the armature windings a
three phase voltage is generated which is controlled by the exciter. The power
generated is determined by the power delivered by the prime-mover (the turbine) to

the generator.

3.2.2.8 Gas Turbine Power Plant Control System

Early gas turbine control systems which include (fuel control, temperature control,
sequence of operation control and protection control systems) were mainly hydro-
mechanical, electromechanical, pneumatic, and manual with independent protection
against over speed, over temperature, fire, loss of flame, loss of lubrication oil
pressure and vibration. These control systems are replaced by new advanced
systems such as microprocessor based systems. A historical review of gas turbine
control system development is given in [52]. Gas turbine control systems,
description, classification, operation, main components, and developments can be

found in [49, 53, 54, 55, 56].

A gas turbine power plant control system consists of two subsystems, turbine side
control subsystem and electrical generator control subsystem. A brief description of

these control subsystems is given in the following Sections.

3.2.2.8.1 Turbine Control System

A description of both the old and the modern control systems (Digital Control
Systems, DCS) was reported and their performances were compared in [49]. The
turbine control system is divided into four individual subsystems. Fuel control
system which has three main components: a governor generator with its associated
speed circuitry, speed switches, and a fuel governor. These components may be
replaced by more advanced components and software. Temperature control system
which includes thermocouples, radiation shields, and complex electric-pneumatic

system in old systems or electronic components and software in modern systems.
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Sequence control systems were based on relays and timers whereas, in modern
systems digital switching is more common. Protection control system detects
abnormal conditions such as (over speed, over temperature, excessive vibration,
fire, etc.,) and provides the necessary condition, signalling, and trip the units under
abnormal conditions. Old protection systems were mechanical, electromechanical
and electro-pneumatic such systems are substituted with electrical and electronic

systems.

3.2.2.8.2 Electrical Generator Control System

Electrical generators are controlled to give the required outputs, output power
(active and reactive), rotational frequency, and voltage. Due to the fact that the
generator is not independent of the turbine, its output power and frequency are
regulated through the turbine regulating power and speed loops respectively. In

general two control actions are well known to control electrical generators [57]:

e Control by field (rotor) currents.

e Control by prime-mover shaft torque or power.

Generator frequency is controlled and used to determine the amount of fuel input to
the turbine which acts to regulate the prime-mover output torque which in turn
regulates the generator output power and frequency. Generator control system
includes automatic voltage regulator (adjusts the excitation on reception of a
voltage signal from the generator) which is responsible for keeping voltage as

specified by the set-point.

3.3 Gas Turbine Models a Brief Review

A simplified model of heavy-duty gas turbines for the purpose of investigation of
power system stability and the development of dispatching strategy has been
introduced in [53]. The model is limited to simple cycle, single shaft heavy-duty gas
turbines (18MW to 106MW), with open inlet guide vanes only and allowable speed

range from 95 to 107 percent of the rated speed under ISO conditions (i.e. ambient
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temperature=15° C or 59° F and atmospheric pressure=101.325 kpa or 14.696
psia).

Another simplified model of single shaft gas turbine was presented by Hussain and
Seifi [58]. The model is based on thermodynamic conservation laws, mass balance,
energy balance, and mass flow. The obtained model is a simple transfer function
which is valid for power system stability analysis under the assumption of operation
at fixed load and fixed speed conditions. Models of twin shaft gas turbines with

their control systems can be found in [55].

Data and fundamental theory for gas turbine modelling and control can be found in
[52]. A model of a single shaft gas turbine suitable for supervisory control
applications for combined cycle and combined heat and power plants is described in
[59]. The gas turbine model introduced here is based on this model and on the data
given in [59]. The model is suitable for the evaluation and implementation of
supervisory control strategies. Model assumptions and formulation are reviewed in

the following Section.

3.4 Gas turbine Power Plant Model Description and Assumptions

The non-linear model of the gas turbine power plant unit is composed of fuel
system submodel, compressor submodel, turbine submodel and electrical generator
submodel. These submodels are based on first principles of physics and
thermodynamic laws with appropriate simplifications [59]. The data necessary to
implement the gas turbine model is given in Appendix A.1. Figure 3.4 shows the

single line diagram of the open loop gas turbine model.
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3.4.1 Gas Turbine Model

3.4.1.1 Fuel System

Fuel system is modelled in terms of fuel system actuator dynamics and fuel
valve positioner dynamics. A Least Value Gate (LVG) and A Maximum Value Gate
(MVG) are modelled using MATLAB functions.

e Fuel system actuator:

k
w, = 7 e 3.1
T,5+1

where:

w, - fuel mass flow [kg/sec].

k4 - fuel system gain constant.

7,- fuel system time constant [sec].
e - valve position.

e Valve positioner:

a
4

1:
bs+c

e, (3.2)

where:

a,b,c- valve parameters.

e,- internal signal.

Signal for valve positioner:

e, =MF-kw,+Foe™ (3.3)
where:

MF - minimum fuel signal.
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T

cout

outlet air temperature [°K].

T - inlet air temperature [°K].

cn

Compressor Power Consumption Equation

w, Ah,
ncnlmns

P.=

where:

p.- compressor power consumption [W].

65

(3.9)

Ah, - isentropic enthalpy change corresponding to compression from p_, to p,....

n, - overall compressor efficiency.
N.,... - transmission efficiency from turbine to compressor.

Overall Compressor Efficiency Equation

L=y

1-() -
e = 7a~l
1__(’::) Y allwc

Perfect Gas Isentropic Enthalpy Change Equation

Ah] = cpa];n(rfa/cm - 1)
where:

R, - air gas constant [J/(kg °K)].

(3.10)

(3.11)

Equation (3.6) is solved using the iterative Newton-Raphson method and the

compressor equations are implemented in MATLAB (Appendix A.2). Inputs and

outputs of the compressor are shown on the SIMULINK building block in Figure

3.6.
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Figure 3.6: SIMULINK model of the compressor

3.4.1.3 Combustion Chamber

Energy and pressure drop equations are used for modelling the combustor.

Exhaust Gas Mass Flow
WG =W, +Wsp + W (3.12)

Combustion Energy Equation

chpg (T;'in - 298) + wah25 + wacpa (298 cout ) + wzs ps (298 s) =0

which is rearranged as follows:

T, = (), Ay = w,6,, (298~ T,,) ~ w,6,, (298~ T,)] + 298 (3.13)
G~pg

where:

w, - fuel mass flow [kg/sec].
w, - injection steam mass flow [kg/sec].

c,. - specific heat of combustion gases [J/(kg °K)].

rg
1., - turbine inlet gas temperature [°K].
Ah,,- specific enthalpy of reaction at reference temperature of 25° C [J/(kg)].

¢, - specific heat of steam [J/(kg °K)].
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T - temperature of injected steam [°K].

ptin = pcout - Ap
2
T. R( w
' 1 ? Tcout 2 Ampcout '
where:

Dr,- pressure of combustion gases at turbine inlet [Pa].

Ap- combustion chamber pressure loss [Pa].

k ,k,- pressure loss coefficients.

R, - universal gas constant for combustion gases [J/(kg °K)].
A, - combustion chamber mean cross-sectional area [m”].

Pollutant Formation

, w.
enox = fGTz (—m—)
Ve

) w.
gcm = fGTS(i)
Wy

where:

Z.oe - Mass flow of Nox [ppm].

8..,- mass flow of CO [ppm].
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(3.14)

(3.15)

(3.16)

(3.17)

Jor.~ experimental curve: Nox mass flow as a function of steam to fuel mass

flow ratio.

Jors- experimental curve: CO mass flow as a function of steam to fuel mass

ratio.
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Pollution Formation Measurement Dynamics

Zonoe () = 8o (1= 7,,) (3.18)
gcco(t):g;ca(t—rm) (319)
where:

g...(t)- delayed (measured) Nox mass flow.
8..,(t)- delayed (measured) CO mass flow.
7,,~ measurement delay [sec].

Equations describing the combustor and pollutant formation are implemented in
MATLAB program (Appendix A.3). SIMULINK building block of the combustor
is show in Figure 3.7.

1
Air flow to combustor Outlet gas flow from combustor

Compressor outlet air temperature

| -
o Outlet gas fressure
Compressor outlet air pressure L_ﬂ%’ Outlet gas temperature
CF—— 0 ¥ [ 7]
>

Temperature of injected steam Nox content in the outiet gas

Injected steam flow to combustor Combustor CO content in Outiet gas

Fuel flow to combustor Outlet gas enthalpy

Figure 3.7: SIMULINK model of the combustor.

3.4.1.4 Turbine

Gas mass flow through the turbine:

2 (mq+l)

NerM, me, m,

Wo = 4y, ( o T__ lgjpTiinin rT(Z/ )—rT (3.20)
cg

This equation rearranged to solve for r, (outlet/inlet turbine pressure ratio=&"“—‘)
p Tin

as:



pg

vg
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n, - overall turbine efficiency

Power Delivery

Pr = NWAh
pmech = pT - pc
with:

Regtep,
Ah] = cpg];'in (rT - 1)
hTaut = hTin + nTAhI
where:

pr- mechanical power delivered by turbine [Pa]
Pp.- power required to drive the compressor [W]

P~ et available mechanical power [W]
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(3.28)

(3.29)

(3.30)

(3.31)

Ah, - isentropic enthalpy change for a gas expansion from p,,, to p,,., [J/kg].

hT

out ~

exhaust gas enthalpy [J/kg].

Equation (3.21) is solved for the pressure ratio 7 using the iterative Secant method.

Turbine equations are written as a MATLAB program (Appendix A.4) and
represented by a SIMULINK building block as shown in Figure 3.8. The

SIMULINK building block for the interconnected compressor, combustor and

turbine system is shown in Figure 3.9.
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Figure 3.8: SIMULINK model of the turbine.
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Figure 3.9: SIMULINK

3.4.2 Flectrical Generator Model

The electrical generator model is represented by a swing equation with a stochastic
noise generator to represent the real electrical load fluctuations. The electrical
generator SIMULINK building block model based on the generator swing
differential equation is shown in Figure 3.10. The swing equation is given in terms

of power. The model assumptions are:

!

Net mechanical power

Exhaust gas temperature

i

Nox output level

isrs

[:ombust

Turbine

model of the open-loop Gas turbine.

¢ rotor speed does not vary greatly from synchronous speed.

e Windage and friction losses due to rotation are ignored.
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omega_o_pu Gain3 Sum2

Figure 3.10: Electrical generator block diagram.

do  wo

E = 'w—eq[pmech —Pet — Deq (w - wo)]
where:

@- frequency of the generator [rad/sec].

H,, - inertia constant for machine.

Pmesn- Mmechanical shaft power [W].
p.- real electrical load power [W].
D, - electrical damping coefficient.

wo- synchronous frequency [rad/sec].

3.4.3 Turbine and Generator Controller Model

out_1

(3.32)

This controller model is mainly intended to control the mechanical side of the gas

turbine. However, the generator output power and frequency are controlled as a

result of controlling the turbine side. The controller model can be regarded as a four

input three output system where, the controller inputs are the turbine outputs and

the controller outputs are the inputs to the turbine system. The controller model
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block diagram is shown in Figure 3.11. This model consists of the following
components:

e Local power regulating loop which is the most important loop that specifies the
amount of fuel flow to the turbine system in normal operation. A proportional
integral (PI) control action is applied to this loop.

e Local frequency and exhaust gas temperature regulating loops are provided to
achieve safe operation by ensuring that the speed and temperature limits are not
exceeded during load changes. PID control action and PI control action are
provided to regulate frequency (speed) and temperature respectively.

e Nox pollutant content in the exhaust gas is regulated through a separate loop
using PI control action by controlling the amount of the injected steam in the
combustion chamber.

e Exhaust gas temperature regulating loop, with PI control action, specifies the

amount of air flow to the compressor system by controlling its inlet guide vanes.

D T-exhaust_sp2
P w_air_dem
E} T-exhaust2 4 —}E >

Temp.Pl Controiler1

2 Sum3
omega_sp1 ’Fs;:_l
E Temp.P Controller2
I-—i——} omega_pu1 I—tE ’g} } fuel_dem_pu
| s Sped PID Controller3 —

4
E P_mech_sp1 —
5 . I g} UnNamed2
P _mech pu 2 8umé P-mech. PI Controller4

i: mini_fuel_sp2

7

(s} gg_Nox _ Wis_dem

L 4

B M-
n go_Nox_sp? Sumd Nox P! Controiler5

9

Figure 3.11: Gas turnine and generator controllers model.
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the mechanical output power controlled but also the other outputs i.e. exhaust

temperature and Nox level are already at their steady state values.

+
De—
ot @
¢
l + Pm
Pl DPe— |
+ Tex
PID | | PI PI — |~
i WIS _ Nox
| Gas |
I LVG | Turbine
Wad &
nﬁn—‘LFuel = T‘Generator

Figure 3.13: Gas turbine local controllers loops.
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Figure 3.14(a): Mechanical output power at the nominal operating point
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Figure 3.14(b): Exhaust gas temperature around the operating point.
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07674 20 40 60 80 100 120 140 160 180 200

Figure 3.14(c): N level content in the exhaust gas

The second loop is the temperature regulating loop. Using PI controller and
repeating the same steps as per the mechanical power regulating loop the following

controller parameters are obtained k,=0.2 and k;=0.4.

Nox regulating loop is controlled with a PI controller and tuned in the same manner

as the previous loops to get k,=0.0009 and k; =0.008.

The power regulating loop is disconnected and the speed regulating loop is then
inserted. PID controller is used for speed regulation. Tuning of this loop is done as
before and the following values of the controller parameters are obtained k,=0.8, k;

=0.2 and k4=0.01.

Finally the least value gate is inserted to select a minimum value of three control
signals namely, temperature control signal, speed control signal, and power control
signal. As a result of interaction between the regulating loops fine tuning was
carried out and the new settings for the controllers are given in Table 3.1. The

output responses to these settings are shown in Figure 3.15 (a, b, ¢).
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tController kp ki kq
GeartaehiaeRs
P_mechanical 0.5 0.2 0
Speed 0.9 0.4 0.15
Temperature 0.2 0.2 0
Nox 0.000009 0.001 0

Table 3.1 Controller parameters of different control loops.
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Figure 3.15(a): Mechanical output power tuned at the operating point.
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Figure 3.15(b): Exhaust gas temperature tuned at the operating point.
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Figure 3.15(c): Nox level in the exhaust gases tuned at the operating point.
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3.7 Simulation _of the Nonlinear Model

3.7.1 Step and Ramp Reference Inputs

The nonlinear model simulation is made to check the ability of the controllers to
achieve tracking of changes in the set-point. Exhaust gas temperature step-input of
10 % of the steady state value is applied to the model. Nox and P_mech reference
inputs are kept unchanged. The responses of the controlled outputs, output power,
output temperature and Nox_level, are shown in the first column of Figure 3.16
respectively and the manipulated inputs, air demand, fuel demand and injected
steam demand, are shown in the second column of Figure 3.16 respectively. To
achieve the required increase in the output temperature, with the lowest amount of
fuel, while keeping the output power and the Nox_level unchanged, an increase in
the fuel demand and a decrease in the air demand are needed. This can be seen
easily from the second column of Figure 3.16. For any increase in the fuel demand
there is an increase in the pollutant Nox. To keep Nox level unchanged, the injected
steam demand must be increased. This can be seen from the last plot in the second

column of Figure 3.16.

x 10

3.4 50 -~
3.38 soh—
3.36 . 30
P_mechutput 50 100 150 200  W_aW glemandgg 100 150 200
1200 . . —
1100 (\
1.85
1000 y . fuel denJ t v .
T_exhauSt output® 100 150 200 - s0 100 150 200
~90.8 . . . 0.19 — .
0.185
Nox_levé output 50 100 150 200 o cie8m domSO 100 150 200
t_sec t_sec

Figure 3.16: Controlled outputs and manipulated inputs for 10% step in

T_exhaust input.
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The output responses and the manipulated inputs for a 10% ramp in the power
set-point input for 200 sec are shown in Figure 3.17. It can be noted that there is an

increase in the values of the manipulated inputs. This can be explained as follows:

1. For an increase in the output power a corresponding increase in the fuel demand
is required. This can be seen from the second plot in the second column of Figure

3.17.

2. The increase in the amount of combusted fuel leads to an increase in the
temperature of the exhausted gases. To compensate for this, and to keep the
temperature of the exhaust gases unchanged, the amount of air flow to the
combustion chamber should be increased this can be seen from the first plot in the

second column of Figure 3.17.

3. As a result of increased fuel and air demand the level of pollutants in the exhaust
gases will increase and to compensate for this the amount of injected steam should
be increased. This increase in the injected steam demand can be seen from the third

plot in the second column of Figure 3.17.

x 107
4 55

3.5/\ 4 50/\

3
P_medh outpdo 100 150 200 w_é?_giem angh 100 150 200

1040

1000
T exhaltoutpd® 100 150 200 MEFTMEEG 400 150 200

Nox_lev@l outpbd t100 150 200 w_inj. Qteam_é%m 100 150 200
_sec t_sec

1020

-

Figure 3.17: Controlled outputs and manipulated inputs for 10% ramp in

P_mech. Set-point.
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3.7.2_Disturbance Rejection:

The ability of the control design to reject disturbances is tested by applying two
types of disturbances namely, step disturbances (process disturbances) at the input
of the power turbine and band limited white noise (output disturbances) at the
outputs. Column one of Figure 3.18 shows the power turbine outputs and the
injected step disturbances. The step disturbance injected at the fuel demand input at
250 sec is rejected quickly. The step disturbance injected at the air flow demand
input at 350 sec is also rejected quickly but caused a significant interaction at the
output temperature response which is also rejected quickly. The rejection of the
step disturbance for the steam demand at 150 sec is slow compared with the other
loops. The second column of Figure 3.18 shows the output responses for step
(process disturbance) and white noise (output disturbance) disturbances. The
fluctuation in the output mechanical power is due to the white noise which
represents the fluctuations in the electrical load. The third plot in the second column
of Figure 3.18 shows slow tracking of the reference input as well as the
disturbance. This is of less importance because it is usually desired to keep Nox
level at its minimum value. Thus it can be seen that good disturbance rejection is

achieved by the control design and thus good performance is obtained.
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There exists in the literature different techniques to obtain linearized dynamic
models. Taylor series expansion is one of the basic techniques used to get linearized
models around an operating point by truncation of high order terms of the series.
MATLAB offers different methods to extract the linear model. The following
functions are provided in SIMULINK to find a linearized model [63]:

e LINMOD function obtains the state space linear model of a system of ordinary
differential equations described in S-function (system function). S-function may be
a MATLAB m.file or SIMULINK blocks. Different options are available for
instance linear models for systems with state variables and inputs set to zero can be

obtained, also options for linearization about an operating point.

e LINMOD?2 this function extracts a linear model from systems of ordinary
differential equation using an advanced method to reduce truncation error. It

provides the linearized model in state space with the same options as LINMOD.

e DLINMOD function obtains the discrete state space linearized model of systems

of ordinary differential equations with options as that of LINMOD command.

The gas turbine model is linearized around the operating point ( P, =3.391¢’ W,

ec

1

tout

=1015.37 °K and Nox=90.768 ppm) using the SIMULINK command

(LINMOD). The linearized model obtained had 11 states which was reduced to ten
states using (MINREAL) command which extracts the minimum realisable linear
model. Comparison of the nonlinear and the linear model step responses is made
with a 10% step in the exhaust temperature set-point and the results are shown in
Figure 3.19 (a, b, ¢). The nonlinear response is the dashed line and the linear
response is the continuous line. Both models reached steady state at the same time
but with differences in the transient responses. From Figure 3.19 (b) it can be seen
that very small errors in the overshoot exists which are neglected. Figures 3.19 (a)
and 3.19 (c) show the presence of small differences between the linear and the

nonlinear response.
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Figure 3.19(a): Mechanical output power for linear and nonlinear models.
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Figure 3.19(b): T exhaust output for linear and nonlinear models.
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Figure 3.19(c): Nox output level for linear and nonlinear models.

3.9 Model reduction

85

MATLAB control tool box provides the necessary commands to perform model

reduction by the elimination of the unwanted states. The states that can be

eliminated are those considered as infinitely fast. These states can be eliminated in

selected combinations to reduce the error in the reduced model responses.
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Using the MATLAB model reduction command (MODRED) the linear model of
the gas turbine power plant is reduced to the following orders, 8, 7, and 6
respectively. The responses of the reduced models are compared with the responses
of the full order model (10 states) as shown in Figure 3.20 (a, b, ¢). The lowest
possible approximation of the full order model as can been seen from step
responses is the sixth order model where the reduced model can still capture the

model dynamics with acceptable errors. The full order and the reduced order

models matrices are given in Appendix 3.B.
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Figure 3.20(a): Comparison of responses of the reduced linear models with the

full order model.
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Figure 3.20(b): Comparison of responses of the reduced linear models with

the full order model.
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Figure 3.20(c): Comparison of responses of the reduced linear models with the

full order model.

3.10 Conclusions

A gas turbine power plant model was presented and implemented in SIMULINK.
Local PID controllers were designed to stabilise the model around a nominal
operating point. It has been found that a simple tuning method (manual method)
was effectively sufficient to tune the controllers. Simulation of the nonlinear and the
linear model showed that the control system has achieved good reference input
tracking and disturbance rejection. Linearization was made and a linear model was
extracted using SIMULINK facilities. Responses of both the nonlinear and the
linear models were compared and simulation showed that the linear model obtained
is a good approximation of the nonlinear model for the purpose of control design.
The linear full order model was reduced and an acceptable sixth order model was

obtained.
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4.3 GPC Supervisory Control System Design

Before embarking on the design of the multivariable GPC supervisor a description

of the process and the predictive controller is reviewed.

4.3.1 Process and Control System Description

Gas turbine power plant operation comprises three regimes: start-up, shut-down
and steady state operations as described in the previous Chapter. The aim of the
local controllers is to stabilise the plant at an operating point. The gas turbine
control system considered in the previous Chapter is intended for normal operation,
steady state operation, and is composed of local PID regulators. The gas turbine
block diagram is shown in Figure 4.3. The control inputs and the turbine outputs

are as follows:
¢ Fuel flow to provide the desired output power and frequency.

o Injected water flow to reduce emission of Nox.

e Control of inlet guide vanes to provide the desired output temperature.

1
Fuel flow demand

A 4

Output power

E} Outlet Temperature

Air flow demand

Output frequency

| 3 } »
Injected water demand

Nox-output level

Gas Turbine Model

Figure 4.3: Power gas turbine model.
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The local control scheme consists of four regulating loops, namely, power
regulator, frequency regulator, exhaust gas temperature and Nox regulator. Fuel
flow is adjusted to get the correct output power and frequency. The fuel flow rate
is selected as the minimum output of the first three mentioned regulators. The

regulator loops are closed and fine tuned as described in the previous Chapter.

The second layer of control is introduced as an add-on to the regulating loops to
optimally manoeuvre the gas turbine from one operating point to a new one. The
predictive controller inputs are the power turbine controlled outputs, the
mechanical output power, the exhaust gases temperature and the Nox pollutant
level. The differences between these controlled outputs and the desired set-point
values are minimised over the prediction horizon by optimising a quadratic
objective function. This results in optimised set-points i.e., GPC controller outputs,
which are the inputs to the local controllers. Kalman filter is used for state
estimation. The SIMULINK model of GPC supervisory control system for power

gas turbine is shown in Figure 4.4.

4.3.2 The Augmented Linear Model

Since the closed-loop linear model of the gas turbine power plant was derived
based on the control signal vector # and since the GPC control law equation (2.14)
and the Kalman filter state estimator equation (2.20) are derived based on the
control signal increment thus, the linear discrete time state space model based on u

will be modified to include the control signal vector # as additional states [20]:

Xp41 = Axk +Buk +Ewwk (41)
Y = ka +Duk +Vk (42)
Auk = uk+1 —uk (43)

Rearranging this equation gives,
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The lower block triangular Toeplitz matrix H7 is defined as:

D 0 0 e 0)

CB D 0 . 0

HY=| C4B CB D 0
\CA"™?B C4"3B c4™ ... D)

The deterministic state sequence is defined as:

def .
d d d d d nxj
Xi = (xi Xiv1 Xixp vt Xiy j——l) €R

X{=X{, Xg =X§ and X} =X} =X}

For the deterministic subsystem the following matrices can be found:
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S.4.4 Matrices Associated with the Stochastic Subsystem

The output covariance matrix for the stochastic subsystem is defined as:
cA7'G i>0

Ar = Eyia 0] Ao i=0
GT(4H7* ¢ i<o

where:

G= E[x; (y,i)T]=AP~‘CT +8°

Ao = E[yi D) |=CP°CT +R,*
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Chapter six

Conclusions and Future work

6.1 Conclusions

The comparison and the survey of some well-known MBPC algorithms showed that
GPC algorithm seems to have a superiority over other MBPC algorithms in the
sense that many MBPC algorithms can be seen as its special cases for certain values
of controller tuning parameters. Moreover it can cope with a wider range of
complex processes and can provide natural set-point decoupling within its control

law formulation. This led to use the algorithm for gas turbine control in this thesis.

Formulation of GPC algorithms in state space representation for MIMO systems is
readily available. Formulation of GPC algorithms in state space is simple in
comparison with input-output formulation. The advanced control techniques and
their numerical solutions are usually formulated in state space. State space models
can be identified for complex multivariable processes with less problems using the
recently developed subspace-based identification algorithms (see chapter 5) and the
fact that most industrial plants are multivariable in nature have led to placing
emphasis on the multivariable state space GPC algorithms rather than input-output

based algorithms.

Simple measurements of the process performance can lead to initial values for the
controller tuning parameters which with careful fine tuning can provide the desired

performance.

The need for the analysis of the multivariable GPC closed-loop system to assess the
performance and stability robustness of the control design led to a method for

developing the indices for performance and stability robustness.
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%gama3= 850;delta3=230;
%
[nAA mAA] =size(AA);[nBm mBm]}=size(Bm),
[nCC mCC]=size(CC);[nDm mDm]=size(Dm);
% the augmented model
AA1=[AA Bm;zeros(mBmnAA) eye(mBm)];
BmIl=[zeros(nAA,mBm);eye(mBm)];
CC1=[CC Dm];Dml=zeros(mBm,mBm);
Dml=zeros(mBm,mBm),

% Kalman filter parameters
Gxl=eye(9)*.0001

q=[1 0.0001 0.000001 0.01 0.01 0.000001 100000 40 25]*2;
Q=diag(q):R=diag([0.05 1400 0.5]*1500),

% Multivariable SSGPC control matrices
[F,GGGHm]=aagpcm6(AA,nAA,Bm,mBm,CC,nCC,Dm,N1,N2,Nu,gamal,gamaz2,
gama3,deltal,delta2,delta3),

A *okk ko sk ok kKK alman filter gain* ¥ *H ks dkkkrrik
[M,1,p,El=dlqe(AA1,Gx1,CC1,Q,R);
%

GGGHm1=GGGHm(1,:);GGGHmM2=GGGHm(2,:);

GGGHm3=GGGHm(3,:);Kgpc=[GGGHm1;GGGHmM2,GGGHm3];
%
w=logspace(-8,1,198);

%Process model
Go=pck(AA1,Bml1,CC1,Dm1),A=AA1-M*CCI,;
[nAA1,mAAl]=size(AA1l);I=diag(ones(1,nAA1)),
[nz1,mz1]=size(Bm1);[nz2,mz2]=size(]),
df=zeros(nz2,mz1);

YoKfr
Kfr=pck(Af,Bm1,1,df);
%Kfz--F1
Kfz=pck(Af,M,],df);
%F--and--F1---=mmcmemeeeeee

F1=pck([L[1.[1.F);
%-F1 and Kfr in series results in kk------
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F_Kfr=mmult(F1,Kfr);kk=F Kfr;

% kt

%--find kt by kt=(inv(I+Kgpc*F*Kfr))Kgpc*F*Kfr with kk1=Kgpc*KK
Kgpe KK=mmult(Kgpc,kk),

kk1=Kgpc KK;[mat 1,row 1,col 1,numl]=minfo(kk1);
Il1=eye(row_1);kk2=minv(madd(I1,kk1));

%Kgpc--and--Kgpcl
Kgpcl=pck([],[L[],Kgpc);

%----Kt ------- and its state space form---------
Kt=mmult(kk2,Kgpc1l);[ak,bk,ck,dk]=unpck(Kt),
e put in series Go and Kt------- and find state space form--

Go_Kt=mmult(Go,Kt);kk3=Go_ Kt;
[ap,bp,cp,dp]=unpck(kk3),

%------ kk4---put F and Kfz in series
F_Kfz=mmult(F1,Kfz);kk4=F Kfz;
[akk4,bkk4,ckk4,dkk4}=unpck(kk4),
%------ kk3=Go*Kt and kk4=F*Kfz
%---sensitivity function S=kk6=inv(I+Go*kt*F*Kfz)----------------
kk4 kk3=mmult(kk3,kk4);kk5=kk4 kk3;
[mat_2,row 2,col 2,num_2]}=minfo(kk5);

I2=eye(row_2);

96**************************************************************

% 3k 5k 3k ok ok % ok %k %k k

%--sensitivity function------------
kk6=minv(madd(I12,kk5));[a2,b2,c2,d2]=unpck(kk6),
[svl w]=dsigma(a2,b2,c2,d2,Ts,w);,
figure;grid;semilogx(w,20*log10(sv1(1,:)),'b");
grid;xlabel(‘frequency (rad/s)")

ylabel(' max sv (dB)"title('sensitivity')

96***************************************************************

96 3k ok ok 3%k ok 3k 3k %k %k %k k
%---complementary sensitivity function T=kk7=S*kk$S kk5=kk4*kk3-----
kk7=mmult(kk6,kk5);[al,bl,c1,d1]=unpck(kk?7);,

[sv w]=dsigma(al,bl,cl,d1,Ts,w);

figure;grid;semilogx(w,20*log10(sv(1,:)),'b");grid;xlabel(‘frequency (rad/s)");
ylabel('singular values (dB)"); title('complementary sensitivity')
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96***************************************************************

%----control sensitivity Cs=kk8*kt------- HAHAAAAAANE -
[mat_o,row_o,col_0,numO}=minfo(kk1);
kk8=minv(madd(eye(row_o),mmult(Kt,kk4,Go)));

kk9=mmult(kk8 Kt);[a3,b3,c3,d3]=unpck(kk9),

[sv3 w]=dsigma(a3,b3,c3,d3,Ts,w),
figure;semilogx(w,20*1log10(sv3(1,:)),'d";

grid;xlabel('frequency (rad/s)");

ylabel(' max. sv (dB)');title(‘control sensitivity');
96***************************************************************
%---additive perturbation HAKAHAAE e
yy=minv(madd(eye(row_o),mmult(Go,Kt,kk4)));yyz=mmult(Kt,kk4),
[ay,by,cy,dy]=unpck(mmult(yy,yyz));[svy w]=dsigma(ay,by,cy,dy,Ts,w);
figure;grid;semilogx(w,20*log10(ones(1,length(svy))./svy(1,:)),'b");
grid;xlabel('frequency (rad/s)");ylabel(' max. sv (dB)");

title('additive perturbation');
96 %K oK 5K %K K o 3k Xk %k %k

%-------- multiplicative input perturbation
yy l=mmult(minv(madd(eye(row_o),mmult(Kt,kk4,Go))),mmult(Kt,kk4,Go));
[ayl,byl,cyl,dyl]=unpck(yyl);[svyl w]=dsigma(ayl,byl,cyl,dyl,Ts,w);
figure;grid;semilogx(w,20*log10(ones(1,length(svyl))./svy1(1,:)),'b")
grid;xlabel(‘frequency (rad/s)");title('multiplicative input perturbation')

ylabel(' max. sv (dB)')

% &k ok ok ok ok

%gmmmmmmmm e multiplicative output perturbation
yy2=mmult(minv(madd(eye(row_o),mmult(Go,Kt,kk4))),mmult(Go,Kt,kk4));
[ay2,by2,cy2,dy2]=unpck(yy2);[svy2 w]=dsigma(ay2,by2,cy2,dy2,Ts,w);
figure;grid;semilogx(w,20*log10(ones(1,length(svy2))./svy2(1,:)),'b");
grid;xlabel(‘frequency (rad/s)");ylabel(' max. sv (dB));

title('output multiplicative perturbation’)
96 3 ok ok ok ok sk o sk %k 3k %k Kk %k

% sensitivity and complementary sensitivity comparison
figure;grid;semilogx(w,20*log10(sv1(1,:)),b");
hold;semilogx(w,20*log10(sv(1,:)),'b-");
grid;xlabel('frequency (rad/s)');ylabel(' max sv (dB)')
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title(‘singular values of s and cs')
ylabel('The maximum singular values of Ts and Ss (dB)');

v, skokkokkokok__________

Appendix B.3
****************Simulink model***********

Standard GPC
Mutivariable State_Space GPCAlgorithm ok e vl sl s vl sk e gl s vl e v e v ole Ve ve v sk e vk e vle v e ok e e
% **GPC control law S-function**
function [sys,x0,str,ts]=algk6m18(t,x,u,flag A;B;C;D,Ts),
global F GGGHm
if flag==3;
%Ts sampling time; A,B;C;D are the model matrices
[ac,bc,cc,dc]=c2dm(A,B,C,D,Ts);,
AA=ac;Bm=bc;CC=cc, Dm=dc;
%ti is a clock; xh1 to xh9 are the estimated states;uol to uo3 are the control
%signals;w1 to w3 are the set-points
ti=u(1);xh1=u(2);xh2=u(3);xh3=u(4);xh4=u(5),
xh5=u(6);xh6=u(7);xh7=u(8);xh8=u(9);xh9=u(10),
uvol=u(11);uo02=u(12);uo3=u(13);,wi=u(14);w2=u(15);w3=u(16);
uo=[uol;uo2;uo3];xhh=[xh1;xh2;xh3;xh4;xh5;xh6;xh7;xh8;xh9];
if ti==1,xhh=zeros(9,1);%intial states

uo=zeros(3,1);%initial control signals

end;
[nBm mBm]=size(Bm);
% Controller tuning parameters

N1=5;N2=19;Nu=11,
gamal=0.0000000007;deltal=0.00000007,
gama2=.25;delta2=19;

gama3=5;delta3=.3;

%
u00=[J,wy=[]; yal=(];

[nAA mAA] =size(AA);[nBm mBm]=size(Bm);[nGx mGx]=size(Gx);
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[nCC mCC]=size(CC);[nDm mDm]=size(Dm);

%------- GPC switching time----

if ti<=80;w1=0;,w2=0;w3=0;end,;

%-Go to subroutine aagpcmé and compute GPC matrices F and GGGHM--

if
ti==1;[F,GGGHm]=aagpcm6(AA,nAA,Bm,mBm,CC,nCC,Dm,N1,N2,Nu,gamal,g
ama2,gama3,deltal,delta2 delta3);end,

%
% construct w(k+j)--j=N1:N2 at each sample time-------------
%legth of w=length(nCC*(N2-N1))-

nw=length(N1:N2);w11=w1*ones(nw,1);

wla=wll;w22=w2*ones(nw, 1);w2a=w22;w33=w3*ones(nw, 1);
w3a=w33;size(GGGHm);size(F);for iwe=1:nw;wlal=wl1(iwe);
w2al=w22(iwe),w3al=w33(iwe),wx=[wlal w2al w3al];wy=[wy wx],
size(wy),end;,wyl=wy',

% ==--mm--- Compute the multivariable SSGPC control law
delmux=GGGHm*(wy1-F*xhh);

Yeselect the first control increment A , (k)

for id=1:3;delmu(id,:)=delmux(id,:);end,

% construct the control signal u(t)

uo=uo-+delmu

dell1=delmu(1,1);del2=delmu(2,1);del3=delmu(3,1);
uo4=uo(1,1);uo5=uo(2,1);uc6=u0(3,1),

% clear the future set-point vector for the next sample time calculations
wy=[l;

%dell to del3 are thecontrol increments and uo4 to uo6 are the control
%signals

sys=[dell,del2,del3,uo04,uo5,u06];

elseif flag==0,

Lab1=0;dab1=0;mab1=6;nab1=16;drab1=0;
sys={0,6,mab,nab,0,0];else;sys=[];end;end,

GPC matrices calculator********************************************
function[F, GGGHm]=aagpcm6(AA nAA,Bm,mBm,CC,nCC,Dm,N1,N2,Nu,gama
1,gama2,gama3,deltal,delta2,delta3)
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r1=nCC;nv=nAA;p1=mBm;[mBm nBm]=size(Bm);,
eye(nBm);zeros(mBm,nAA);
% Construct the augmented model
AA2=[AA Bm;zeros(nBm,nAA) eye(nBm)];
Bm2=[zeros(nAA,nBm),eye(nBm)];
CC2=[CC Dm];Dm2=zeros(nBm,nBm),

[nc mc]=size(CC2);[nb]l mB1]=size(Bm2);
pl=mBl;rl=nc;

% Compute F matrix--------------
for ip=N1:N2;cat=CC2* AA2"\(ip);

for jp=1:r1;for k=1:mc;
frellGp+(ip-N1)*r1,k)=cat(jp,k);end;end;end,

%
for i1=N1:N2;xcl= (i1-N1)*r1;

jl=1:ki=11-j1;

% Compute Hm matrix
for ix=ki:-1:0;cat11=CC2*(AA2"\(i1+1))*Bm2;

for ii=1:r1;for jj=1:p1;frewl1(ii+xcl,jj+(1-1)*p1)=cat11(ii,jj);
end;end;

JI=+L

if j1-Nu> O,break,end ; end; while il-j1=—="-1 ;

if j1-Nu> 0,break,end ;

%
catl1=Dm2;for ii=1:r1; for jj=1.p1,
frewl1(ii+xcl,jj+(j1-1)*p1)=cat11(ii,jj);end; end;
j1=j1+1;if j1-Nu> O,break,end ;end; end

%
F=frel;Hm=frew1 1;xx1=size(Hm, 1),
xx=xx1/3;yyl=size(Hm,2);yy=yy1/3;
%
R1l1=gamal;R2=gama2;R3=gama3, R=[R11 R2 R3];gam1=(];
for ih=1:xx; gam1=[gam1 R]; end;gamax=diag(gaml);
% Compute GGGHm matrix
Ql=deltal;Q2=delta2;Q3=delta3; q=[Q1 Q2 Q3];delt=[];
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for iH=1:yy; delt=[delt q]; end;deltax=diag(delt);
GG1=Hm"*gamax*Hm+deltax;GG=inv(Hm'* gamax *Hm-+deltax);
gamHm=gamax*Hm;GHm=Hm'*gamax;

GGGHm=GG*GHm;GGGHm;end,

Kalm gain calculator and state estimation updage* % eseseeiedededkdkkekskek
function [sys,x0,str,ts]=algk6m17(t,x,u,flag, A;B;C;D,G,Q,R,Ts);

% G is a diagonal matrix

global M

if flag==3;[ac,bc,cc,dc]=c2dm(A,B,C,D,Ts),
AA=ac;Bm=bc;CC=cc;Dm=dc;ti=u(1),

% process outputs vector
P=u(2); T=u(3);N=u(4);yaa=[P;T;N] ;
% control signals and control incements

uol=u(5);uo2=u(6);,uo03=u(7),
delmul=u(8);delmu2=u(9),delmu3=u(10);,
xh1=u(8);xh2=u(9);xh3=u(10);
xh4=u(11);xh5=u(12);xh6=u(13);xh7=u(17);xh8=u(18);xh9=u(19);
uo=[uol;uo2;uo3];delmu=[delmul;delmu2;delmu3];
xhh=[xh1;xh2;xh3;xh4;xh5;xh6;xh7;xh8;xh9];

if ti==1;xhh=zeros(9,1);uo=zeros(3,1),end;delmu=zeros(3,1);

[nBm mBm]=size(Bm);

%
[nAA mAA] =size(AA);[nBm mBm]=size(Bm),
[nCC mCC]=size(CC);[nDm mDm]=size(Dm),
dimnR=size(nCC);[nR mR]=size(nCC),

% Augmented Model
AAI1=[AA Bm;zeros(mBm,nAA) eye(mBm)];
BmIl=[zeros(nAA, mBm);eye(mBm)];

CC1=[CC Dm];Dml=zeros(mBm,mBm);yhcl=[];

% Kalman filter gain
if ti==1;[M,],p,E]=dlqe(AA1,G,CC1,Q,R);end
% Kalman filter esrimator

M;CC1;xhh;xhhn=AA1*xhh1+Bm1*delmu+M*(yaa-CC1*xhhl);
%
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xh1=xhhn(1,1);xh2=xhhn(2,1);xh3=xhhn(3,1);xh4=xhhn(4,1),
xh5=xhhn(5,1);xh6=xhhn(6,1);xh7=xhhn(7,1);xh8= xhhn(8,1);xh9= xhhn(9,1);
sys=[xh1,xh2,xh3,xh4 xh5,xh6,xh7,xh8 xh9];

elseif flag==0,

Lab=0; dab=0; mab=9;, nab=19; drab=0;

sys=[0,0,mab,nab,0,0];else, sys=[]; end; end;

Appendix B.4

T
Constrained GPC

Constrained Multivariable State-Space GPC Algorithm

function [sys,x0,str,ts][=acgk6ém18(t,x,u,flag);

global F GG1 Hm gamHm GGGHm

if flag==3;

A;B;,C:D;
[ac,be,cc,dc]=c2dm(A,B,C,D,.3);AA=ac;eig(AA);Bm=bc;
CC=cc.Dm=dc;ti=u(1);xh1=u(2);xh2=u(3);xh3=u(4);xh4=u(5),
xh5=u(6);xh6=u(7);xh7=u(8);xh8=u(9);xh9=u(10);uo1=u(11);

uo2=u(12);uo3=u(13);,wl=u(14),w2=u(15);w3=u(16),

uo=[uol;uo2;u03];xhh=[xh1;xh2;xh3;xh4;xh5;xh6;xh7;xh8;xh9];
if ti==1;xhh=zeros(9,1);uo=zeros(3,1),end;[nBm mBm]}=size(Bm),
%
% GPC tuning parameters

%%0%6%%%%%%%%%%%STANDAR GPC

N1=5;N2=19;Nu=11
gama1=0.0000000007;deltal=0.00000007,

gama2=25;delta2=19;

gama3=5;delta3=3,

%%%%CONSTRAINED GPC%%:%%%%%21/4/97
%rate 1 NU

Nldu=1;Nudu=11;

%Amplitude 1 Nu

Nlu=1;Nuu=11;

%overshoot N1 N2

Nlo=5;Nuo=19;
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%Amplitude constraint ok

uuuLc=length(Nlu:Nuu),

for iy=1:uuuLc;acul=3.396e7/1;acu2=1002;acu3=90.2;
wxx=[acul acu2 acu3],wyy=[wyy wxx],end;

VLB 1=-wyy';VUB1=wyy';[vublr vubic]=size(VUB1);

for iau=1:uuulLc;Umaa=[Umaa uo'];end;

U0=Umaa';[UOr UOc]=size(U0);ak=mBm;
aCa=diag(ones(1,ak));aDa=zeros(ak,ak);[ar] ap1]=size(aCa);,
for ail=1:Nu;axcl= (ail-1)*arl;aj1=1;aki=ail-ajl;

% L matrix----------

for aix=aki:-1:0;acat11=aCa;for aii=1:ar1;for ajj=1:apl;
afrew11(aiit+axcl,ajj+(ajl-1)*apl)=acat11(aii,ajj);
end;end;ajl=ajl+1;if ajl-Nu> 0,break,end; end,

while ail-ajl==-1 ;if ajl1-Nu> 0,break,end ;

%
acat11=aDa;for aii=1:arl;for ajj=1:apl;

afrewl11(aii+axcl,ajj+(ajl-1)*ap1)=acatl1(ail,ajj);

end;end;ajl=ajl+1;if ajl-Nu> 0,break,end ;

end;end;

%if ajl1-Nu>= 0,break,end ;

AKc=afrew11;LAkc=afrewl];[LAKr LAKc]=size(LAkc);,

for iitK=1:3*uuuLc;for iiIKK=1:LAKc;

LACc(iiK,iiKK)=LAkc(iiK,iiKK);end;end,

LAc=LAc;size(LAc),

%-----output constraint-- ok
%ymx1=3.397e5;ymx2=110.8;ymx3=9.3;ymn1=-3397;ymn2=-120,ymn3=-3.3,

ymx 1=3 .4e5,ymx2=102;ymx3=9;ymn1=-3397,ymn2=-120,ymn3=-3.3;

Y%------ constraint on the output---

nwot=length(Nly:Nuy);nyot=length(Nly:Nuy);

ymx 1 1=ymx1*ones(nyot, 1);ymx1a=ymx11,ymx22=ymx2*ones(nwot, 1 );ymx2a=ym
x22;ymx33=ymx3*ones(nwot, 1);ymx3a=ymx33;

%
for iwe=1:nwot;
ymxlal=ymx11(iwe);ymx2al=ymx22(iwe);
ymx3al=ymx33(iwe);ymxx=[ymxlal ymx2al ymx3al];
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uo4=uo(1,1);uo5=uo(2,1);uo6=u0(3,1);
wy=[];wwy=[],wyy =[], Ac=[];
sys=[dell,del2,del3,uo04,u05,u06];
elseif flag==0;Lab=0;dab=0;mab=6,
nab=16;drab=0;sys=[0,6,mab,nab,0,0];else;sys=[];end;end,
function
[F,GG1,Hm,gamHm,GGGHm]=ccgpcm7(AA,nAA,Bm,mBm,CC,nCC,Dm,N1,N2,
Nu,gamal,gama2,gama3,deltal,delta2,delta3)
nl11=N1;n12=N2;nu3=Nu;r1=nCC;pl=mBm,;

[mBm nBm]=size(Bm);eye(nBm);zeros(mBm,nAA);
AA2=[AA Bm;zeros(nBm,nAA) eye(nBm)];
Bm2=[zeros(nAA,nBm);eye(nBm)];CC2=[CC Dm];
Dm2=zeros(nBm,nBm);

[nc mc]=size(CC2);[nbl mB1]=size(Bm2);pl=mB1;rl=nc;
% F

for ip=N1:N2;cat=CC2* AA2\(ip);for jp=1:r1;for k=1:mc;
frelljp+(ip-N1)*r1,k)=cat(jp,k);end;end;end,

%

for i1=N1:N2;xcl= (i1-N1)*r1;j1=1;ki=i11;
% Hm
for ix=ki:-1:0;

cat]1 1=CC2*(AA2/(i1-j1))*Bm2;

for ii=1:r1;for jj=1:p1,
frewl1(ii+xcl,jj+(1-1)*p1)=cat11(i,jj);
end;end;j1=j1+1;

if j1-Nu> 0O,break,end ; end;

while i1-j1== -1 ;if j1-Nu> O,break,end ;
%
cat11=Dm2;for ii=1:r1;for jj=1:p1,
frewl1(i+xcl,jj+(G1-1)*p1)=catl1(ii,jj); end; end,
jl1=71+1;1f j1-Nu> 0,break,end ;end;end

F=frellHm=frew11;F,
xx 1=size(Hm, 1 );xx=xx1/3;
yyl=size(Hm,2);yy=yy1/3;
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% total sigal time in sec

tt=0:st:(st*N*K1*NB)-st; kk=1/(N*K1*NB)

tt=tt",for i1=1:length(prbb);for k1=1:K1;uul=[uul prbb(il,1)];end,
usl=[us1 uul]; uul=[];end;prbf=[usl usl]

prbf22=prbf, TTf1=[1:length(prbf)]';

Y%o------- Construct the third uncorrelated PRBS signal--
prb3=[x1;x1;x1;x1];xx3=[-1 -1 1 1];for iil=1:length(prb3)/4;
xxx3=[xxx3 xx3];end;xxx3=xxx3";prb113=prb3+xxx3;pp3=prb113;
TTf31=[1:length(prb113)]";for jj3=1:length(TTf31);if prb113((j;3)) == 0;
prb113((jj3))=1;else;prb113((jj3))=-1;end;prbb3=[prbb3 prb113((jj3))];
end;prbb3=prbb3';for 113=1:length(prbb3); for k11=1:K1;

uu13=[uul3 prbb3(i13,1)]; end; us13=[us13 uul3]; uul3=[};end;
prof3=[us13]’; prbf33=prbf3;TTf1=[1:length(prbf)]'’;

%------ Subtract the mean values

prbf1 1=prbfl 1-mean(prbfl1);prbf22=prbf22-mean(prbf22);,
prbof33=prbf33-mean(prbf33);a_a=3.4e6; b_b=9; c_c=101.5;
%-------- Remove steady state off-set errors
prbflla_a=max(abs(a_a*prbfll))-a_a;prbf22b_b=max(abs(b_b*prbf22))-b_b;
prbf33c_c=max(abs(c_c*prbf33))-c_c;prbfa_a=a a*prbfl 1+prbflla_a;
prbfb_b=b_b*prbf22+prbf22b_b;prbfc_c=c_c*prbf33+prbf33c_c;
Y%o-------——- Plot the uncorrelated PRBS signals
figure;plot(tt,prbfa_a,'b");figure;plot(tt,prbfb_b,'d"),
figure;plot(tt,prbfc_c,'d");

Appendix C.2
%-=--------S-Function which returns the identifeid, Subspace-based model

222

%The Subspace function which is based on the algotithm presented in %Chapter 5
is called subid. This functions and others are available in matlable toolbox

%developed by De Moor and Van Overschee.
function [sys,x0,str,ts]=subsii(t,x,u,flag);

if flag==3,
ul=u(1);u2=u(2);u3=u(3);y1=u(4);y2=u(5),y3=u(6);
ti=u(7),

%remember the sytem matrices Al, B1, C1, D!
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global A1 B1 C1 D1

% remeber the past inputs and outputs to construct the input and output data
Y%vectors

global uuxa yyxa,

% initially let the vector containts zero, required for repeated experiments

if ti==0, uuxa=[];yyxa=[]; end

% construct input and output data vectors with 880 data samples

if ti>=1;

uo=[ul;u2;u3];yo=[yl;y2;y3];yyxa=[yyxa yoJ;uuxa=[uuxa uo];

% the condition to satisfy the requierd number of data samples

[z m]=size(yyxa);if m ==880;5=880;

%now perform subspace identification
u=uuxa(;,1:s);y=yyxa(;,1:s)";[A1,B1,C1,D1,K1] =subid(y,u,3,6,[1,[1);

% return ul,u2,u3 included just make S-function works

sys=[ul,u2,u3];end;end;

% Now return the system matricesAl;B1;C1;D1 and Kalman gain Klin the
%matlab command

A1;B1;C1;D1;K1;elseif flag==0,

Lab=0;dab=0;mab=3;nab=7;drab=0;

sys=[0,6,mab,nab,0,0];else;sys=[];end;end

Appendix C.3

%Adaptive predictive controller

function [sys,x0,str,ts]=algk6ém18(t,x,u,flag),

global FO1 GGGHmO1 F1 GGGHm1 F2 GGGHm2 F3 GGGHm3 F4 GGGHm4

F5 GGGHm5 F6 GGGHm6

if flag==3;

A_01=[0.94574577653994 -0.24027800305579 0.03972216226354
-0.02281617314499 0.45346116017397 -0.03016537852163,
0.03003874310475 0.90082209589777 -0.37218494539215
0.14105746290328 -2.80228403778543 0.18641418959130;
0.00320396386888 -0.01464590736354 0.61546285491626
-0.62514613686980 12.43939348101715 -0.82733437253491,
0.00000768409291 -0.00160187412171 0.00419735084792
























