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When large disturbances occur in interconnected power systems, there exists the danger 
that the power system states may leave an associated region of stability, if timely corrective action 
is not taken. Open-loop remedial control actions such as field-forcing, line-tripping, switching of 
series-capacitors, energizing braking resistors, etc., are helpful in reducing the effects of the 
disturbance, but do not guarantee that the post-fault power system will be stabilized. Linear 
controllers are widely used in the power industry, and provide excellent damping when the power 
system state is close to the equilibrium. In general, they provide conservative regions of stability. 
This study focuses on the development of nonlinear controllers to enhance the stability of 
interconnected power systems following large disturbances, and allow stable operation at high 
power levels. 

There is currently interest in the power industry in using thyristor-controlled series-
capacitors for the dual purpose of exercising tighter control on steady-state power flows and 
enhancing system stability. This device is used to implement the nonlinear controller in this 
dissertation. A mathematical model of the power system controlled by the thyristor-controlled 
series-capacitor is developed for the purpose of controller design. 

Discrete-time, nonlinear predictive controllers are derived by minimizing criterion 
functions that are quadratic in the output variables over a finite-horizon of interest, with respect to 
the control variables. The control policies developed in this manner are centralized in nature. The 
stabilizing effect of such controllers is discussed. A potential drawback is the need to have large 
prediction horizons to assure stability. In this context, a coordinated-control policy is proposed, in 
which the nonlinear predictive controller is designed with a small prediction horizon. For a class of 
disturbances, such nonlinear predictive controllers return the power system state to a small 
neighborhood of the post-fault equilibrium, where linear controllers provide asymptotic 
stabilization and rapid damping. Methods of coordinating the controllers are discussed. Simulation 
results are provided on a sample four-machine power system model. 

There exists considerable uncertainty in power system models due to constantly shifting 
loads and generations, line-switching following disturbances, etc. The performance of fixed-
parameter controllers may not be good when the plant description changes considerably from the 
reference. In this context, a bilinear model-based self-tuning controller is proposed for the 
stabilization of power systems for a class of faults. A class of generic predictive controllers are 
presented for use with the self-tuning controller. Simulation results on single-machine and 
multimachine power systems are provided. 
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Nonlinear Control Applied To Power Systems 

Chapter 1  
Introduction  

Interconnected power systems are characterized by increasing complexity, due to the 

inevitable growth of load centers, addition of new generating units and transmission systems, 

addition of new dynamic devices such as HVDC (high-voltage direct-current) links, FACTS 

(flexible ac transmission systems) controllers, etc. Consequently, power systems present a variety 

of dynamic phenomena such as low frequency oscillations following small and large 
disturbances [1], subsynchronous resonance (SSR) in capacitor-compensated thermal generation 

areas [2], and voltage instability [3]. The safe and reliable operation of such complex power 

systems continues to pose a challenge to power system engineers, opening new questions of 

modeling, analysis and control. 

This dissertation addresses the problem of the stabilization of interconnected power 

systems following large disturbances. A brief description of important dynamic phenomena in 

power systems follows, to place the problem addressed in this dissertation in perspective. 

Low frequency oscillations following small perturbations, termed dynamic stability, has 

been a problem in power systems following the introduction of thyristor-excitation systems and 

long tie-lines covering large areas. High-gain and low time-constant automatic voltage regulators 

(AVR) improve the transient stability and help to maintain the terminal voltage within a close 

tolerance. Dynamic stability however is impaired in the process. With the onset of small 
disturbances, power systems can in general, experience three modes of oscillation - inter-area 

mode oscillations between two large generation areas, local-mode oscillations between a remote 

generator and a strong generation area, and inter-plant modes within generators inside a 
generation area. With negative damping contributed by high-gain, fast-acting AVRs, there exists 

a danger of unstable rotor oscillations, ultimately leading to system separation. With this 
consideration, most of the medium and large-sized units of the WSCC (Western System 
Coordinating Council) are equipped with power system stabilizers (PSS), linear control devices 

designed to enhance the damping of power systems through excitation control [1]. 

Series-capacitor compensation offers an economical means of increasing the power 

transfer capability of the transmission system, and to enhance transient stability [4]. The use of 
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series-capacitor compensation in thermal-generation dominated areas brings the associated 
problem of subsynchronous resonance (SSR) [2]. The inductances and capacitances of the 
network can be so-tuned so as to cause currents of subsynchronous frequencies to flow in the 

armature, that in turn can produce rotor-currents and mechanical torques of complementary 

frequencies (complement of 60 Hz). There exists the danger that these frequencies can resonate 

with a natural-mode of the rotor-shaft, giving rise to damaging subsynchronou-s oscillations. A 

number of counter-measures are adopted in practice to prevent the detrimental effects of SSR [5]. 

Voltage instability is characterized as a situation when large reductions occur in the load 

voltage profile with small perturbations in the load, or sending-end voltage [3]. A number of 

factors are attributed as causing voltage instability, including the lack of adequate reactive power 

support, extreme loading conditions leading to large drops in the load voltage, and consequent 

interaction with dynamic system components. The subject is of current interest and is at the fore-

front of research. 

As mentioned earlier, this dissertation is primarily concerned with the development of 

control strategies of a centralized nature for the stabilization of interconnected power systems 

following large disturbances. In normal operation, the prime-mover input is balanced by the 

electrical output and losses of the generation system. Electrical faults such as line-to-line and 

line-to-ground faults constitute major disturbances on the system. Besides these faults, other 

extreme conditions include loss of generation, loss of prime-mover, loss of loads, etc. When such 

large faults occur on the system, massive torque imbalances act on the rotors of the synchronous 

generators. Prime-mover control systems react with significant mechanical inertia to correct the 

imbalances. This results in rapid speed-up of the rotors of the synchronous generators due to the 

accelerating torques acting on them, which if not corrected, can cause instability and eventual 

catastrophic failure of the system. Normally, fast detection of the fault and high-speed circuit-

breaker tripping act to isolate faulted segments of the transmission system. By this time the 

power system state typically would have moved far from the pre-fault equilibrium, making it 

difficult to stabilize using conservatively designed linear controllers. Power systems typically are 

planned with open-loop (remedial) measures such as excitation field-forcing, dynamic resistor-

braking, series-capacitor switching, fast-steam valving, etc., [6], to reduce the impact of the 

initiating disturbance. These schemes address only first-swing stability. In highly stressed power 

systems, it is possible to have instability occurring over successive swings also. It is thus 
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necessary to use feedback controllers to stabilize power systems following large-disturbances. 

When appropriately designed, such feedback controllers allow the operation of the system at 

higher power levels, and thus lead to better utilization of the available system resources. This 

thesis develops nonlinear control methodologies to enhance the stability of such power systems. 

There is currently interest in flexible ac transmission system (FACTS) devices [7] for the 

dual purpose of permitting tighter-control of steady-state power-flows on transmission lines, and 

for the enhancement of system stability. These devices include the thyristor-controlled series-

capacitor, the thyristor-controlled resistor, static var-compensators, etc. These devices permit 

rapid manipulation of the network impedances, and affect the system nonlinearly. The thyristor-

controlled series-capacitor (TCSC) is used for the implementation of the nonlinear controllers 

developed in this dissertation. The mathematical modeling of FACTS devices for control 
purposes is difficult, due to the complicated way in which they enter the system equations. This 

thesis addresses the modeling problem in Chapter 2. A partial structure-preserving model 
formulation retains the structure of the terms contributed by the TCSC to the power system 

equations. This approach converts the system described by differential equations to a system of 

algebraic-differential equations by introducing four new variables for each TCSC. 

The organization of this thesis is as follows: 

Power system modeling for control purposes is discussed in Chapter 2. After a brief 
review of established models of power systems for single machine and multimachine power-

systems, the problem of modeling a TCSC is addressed. The main contribution of Chapter 2 is 
the introduction of the partial structure-preserving methodology, that permits convenient 
handling of the terms contributed by the TCSC to the system model. 

A review of various control methods proposed in the literature for the damping of low-

frequency oscillations of power systems is made in Chapter 3. The control of power systems 

following large disturbances is termed the "Transient-Stability Control Problem". This problem 

is defined in Chapter 3. The chapter also presents an evaluation of two candidate nonlinear 

controllers for the stabilization of a simplified power system, under various non-ideal conditions. 

The nonlinear controllers are based on a discrete-time predictive control formulation, and a 

feedback-linearizing formulation. These controllers are evaluated alongside a linear quadratic 
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regulator. The simulation results of this section indicate superior robustness properties associated 

with the nonlinear predictive control formulation, when compared with the other two methods. 

Chapter 4 addresses the design of nonlinear predictive controllers for multimachine 

power systems, using the TCSC. A detailed algorithm is developed for the design of the 
nonlinear predictive controller. The stabilization properties of this controller are studied. One 

drawback with this controller is the need to have large prediction horizons to assure a solution to 

the predictive control problem. In this context, a coordinated-control policy is proposed. In the 

coordinated-control policy, the nonlinear predictive controller is designed by relaxing the 

terminal state-constraint from the post-fault equilibrium to a target-set about the post-fault 
equilibrium, within which linear controllers are designed to provide local, asymptotic 

stabilization. With such a formulation, it is feasible to use the predictive controllers with a 

smaller horizon. Methods of coordinating the nonlinear and linear controllers are discussed. 
Well-established numerical minimization algorithms are used to derive the controller 

numerically. Simulation results are presented on a four-machine example, to show the 
effectiveness of the nonlinear predictive control and coordinated control methods. 

Chapter 5 addresses the design of self-tuning controllers for the stabilization of power 

systems, using bilinear reference models. Bilinear systems are a special class of nonlinear 
systems that are linear in the state and control, but jointly nonlinear. It has been found convenient 

to use such bilinear reference models for self-tuning control of power systems for a class of 
disturbances. Bilinear model identification using recursive least squares estimation is discussed. 

Design modifications motivated by practical considerations are proposed. A number of generic 

predictive control algorithms that are suitable for self-tuning control of power systems are 
discussed. A new bilinear generalized predictive control algorithm is developed. Simulation 

results are presented on single-machine and multimachine systems illustrating the effectiveness 

of the bilinear self-tuning control strategy in stabilizing power systems subject to a class of 
faults. 

Chapter 6 reviews the main contributions of this dissertation, and presents concluding 

remarks. 
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Chapter 2  
Power System Modeling for Control  

2.1 Introduction 

Interconnected power systems are of high dimension, and present a variety of dynamics 

with daily and seasonal fluctuations in loading and generation. A power system is composed of 

synchronous generators, prime-movers such as hydro and steam turbines with associated 
governor and boiler dynamics, transmission lines, transformers, and loads. Detailed modeling of 

each of these devices even for a few generating units results in a high-dimension system. 
Feedback controllers are usually designed for power systems using low-order models that 
approximate the relevant dynamics. In this thesis, the dynamics of concern are those caused by 

electromechanical oscillations of the power system occurring in the time interval of 0 to 15 
seconds following the clearing of large faults. In this context, high frequency phenomena such as 

switching transients and line surges are neglected. 

Over the past two decades, a number of techniques have been developed for the 
approximation of the electromechanical dynamics of the power system. Among the model 
reduction techniques proposed in power systems are the singular-perturbation techniques [8-10], 

and approximation of the nonlinear system by lower order linear systems using modal 
equivalencing and identification-based methods [11-17]. The popular models obtained by 
practical approximations include the linear, K-coefficient, single-machine infinite-bus model 

[18], the classical model [19], and the two-axis model [20]. Model reduction studies are a major 

avenue of research, and will not be addressed in this dissertation. Instead, well-established model 

approximations of the power system are used for controller design, with some modifications 
when using FACTS devices for control. 

This chapter presents the following simplified models of the power system: (i) a detailed 

current-state-space, single-machine, infinite-bus model of the power system With an automatic 

voltage regulator, used in this thesis for assessing the performance of the self-tuning controllers 

of Chapter 5; (ii) extension of this model to multimachine power systems, used for assessing the 

performance of self-tuning controllers in Chapter 5, (iii) a classical model of the single-machine 
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infinite-bus power system used in Chapter 3 to illustrate the effectiveness of three controllers for 

the power system; and (iv) a classical model of the multimachine power system used in Chapter 4 

for the development of nonlinear predictive controllers. 

The thyristor-controlled series-capacitor (TCSC) device is considered as the controller. 

The TCSC consists of several segments. Each segment incorporates two parallel branches 
connected in series with the transmission line (in each phase). An inductor in series with back-to-

back thyristors is connected in one branch, with a capacitor in the other. The TCSC can be 
operated in three modes [21-23]. In the bypassed mode, the thyristor branch conducts 
continuously. In the blocked mode, the thyristor branch is blocked continuously. In the vernier 

mode, the thyristor branch partially conducts, and provides a range of capacitor values. In this 

thesis the TCSC is modeled as a variable capacitor. Treating the TCSC as a variable capacitor for 

control with the conventional classical model representation results in complicated models of the 

interconnected power system. In this context a partial structure-preserving model is developed in 

this chapter, and is shown to result in an appealing form of the power system model with the 
TCSC for control design studies. 

2.2 Park's Equations for a Synchronous Generator Connected to an Infinite Bus 

The synchronous generator is the most important dynamic component in power systems, 

and is the principal component in the conversion of mechanical energy to electrical energy. 

Virtually all low-frequency dynamic phenomena of interest in power systems involve the 
synchronous generator. In this section, detailed models of the synchronous generator are 
presented based on Park's transformation. 

A two-pole, three-phase synchronous machine is typically represented with three 
windings for the stator phases, a field winding (suffix fd) on the so-called direct axis on the rotor, 

and fictitious windings on the rotor, one on the direct axis (suffix kD), and one on the 
quadrature-axis (suffix kQ), called the damper windings. The circuit equations written for the a-

b-c phases are time-varying nonlinear equations, due to the dependency of the equivalent rotor-

to-stator inductance on the rotor position, and can be expressed as follows [24]: 
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Vabcs = rs fabcs + P Xabcs (2.1) 

V9 dr = Tr iqdr + P kor (2.2) 

where 

fabcs = [fas fbs fcs ]T9 9 

fqdr = [fkQ 9 fkD 9 ffd 1T 

and 's' refers to a stator quantity and 'r' refers to a rotor quantity, v refers to voltage, i refers to 

current, r is a diagonal matrix of equal resistance, X refers to the flux linkage and p is the 
differential operator. 

Assuming a linear magnetic circuit, the flux linkage equations can be expressed as 

Xabcs = -Ls (Oaks + L (0 icor (2.3) 

Xqd, = -Lsr (0Tiabc, + Lrior (2.4) 

where the L's are matrices of the appropriate inductance values, with the appropriate time-
dependence explicitly shown. 

Park's transformation [25] chooses a reference frame fixed on the rotor of the 
synchronous machine, and transforms the stator quantities to the rotor reference frame. When 

written in the new Park coordinates, the circuit equations become time-invariant [24]. This is 

accomplished by the following transformation 

fqdos = Ts-1 fabcs (2.5) 

where 

fqdos = [fqs , fas , fos ] -1.9 

fabcs = [fas , fbs , fcs [T, and 

T, is a 3 x 3 time-varying transformation matrix, dependent on the rotor position as shown later 

in equation (2.15). 
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On the assumption of balanced operation of the power system, the zero-axis component 

sums to zero, and is neglected. Using the transformation (2.5) on (2.3)-(2.4), a set of transformed 

reactances can be defined. The following relationship exists between the transformed flux 

linkages and currents in per-unit, assuming a linear magnetic circuit (tif refers to per-unit flux 

linkage of the appropriate d,q F, kD or kQ component, and i refers to a corresponding current): 

[Vd Xd xad xad :id 
VF xad xF xad IF (2.6) 
VkD xad xad XkD lkD ] 

Xaq -icl 1 
[WkVciQ 1 = [XXilaq xkQ 1 [ikQ (2.7) 

The reactances used in (2.6)-(2.7) are described as follows [6]: 

xd is the direct-axis reactance; 

xq is the quadrature-axis reactance; 

xad is the direct-axis component of the mutual reactance between the armature and the rotor; 

xaq is the quadrature-axis component of the mutual reactance between the armature and the rotor; 

xF is the reactance of the field; 

xkr, is the reactance of the direct-axis damper winding; 

xkQ is the reactance of the quadrature-axis damper winding. 

The dynamic equations describing the synchronous generator can then be described by 

the following equations (o is the base speed = 377 rads/sec): 

Aid /dt = cob [ vd + ra id + 0.) Avg ] 

dyfq /dt = cob [ vq + ra iq - co ivq ] 

dilk /dt = cob [vF rF iF ] (2.8) 

divkp /dt = cob [ -rid, ikE, ] 

dxvw /dt = cot, [ -rk() ikQ ] 

where  

vd and vq are the direct and quadrature-axis components of the terminal voltage respectively;  

co is the rotor speed; 

ra is the armature resistance; 
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rF is the field resistance;  

rid, and rkQ are the direct and quadrature-axis damper resistances respectively.  

In addition to the above electrical equations, the dynamics of the rotor is described by the 

following electromechanical swing equations: 

dw/dt = [ Tn, - Te - Td ] / M (2.9) 

dS/dt = con [ 0.) 1 ] 

where  

Tin is the mechanical torque provided by the prime-mover;  

Td is the damping torque;  

Te is the electrical torque developed by the generator, given by  

Te = iq Vd id IN (2.10) 

Choosing the currents as the state variables, the fluxes can be eliminated using (2.6)-

(2.7) in (2.8) and (2.10), to get a high-order model of the generator in the current state-space  
form, with the current states described by  

id, the direct-axis component of the stator current,  

iq, the quadrature-axis component of the stator current,  

iF, the field current,  

ikp, the direct-axis damper current, and  

ikQ, the quadrature-axis damper current.  

This model is interfaced to the network through the components of the terminal voltage, 

vd and vq as shown next. 

The magnitudes of the terminal current and terminal voltage are given by 

1.4 (id2 +i: ) (2.11) 

vt .4 (vd2 + vq2 ) (2.12) 
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Most medium and large-sized generators are equipped with automatic voltage regulators 

(AVRs), i.e., devices that regulate the terminal voltage to desired reference values. A number of 

commercial AVRs have been developed by various companies, and have been classified in 

certain standards by the IEEE [26]. In this thesis, the IEEE Type I [26] AVR is used for 
regulating the terminal voltage. A schematic of this AVR is shown in Fig 2.1. The equations for 

the IEEE Type I AVR are listed at the end of this section. 

2.2.1 Interface Equations for the Transmission Line 

This thesis is concerned primarily with the development of control strategies using the 

TCSC device for the power system. These devices are connected in series with the transmission 

lines. In this section, Park's equations are applied on the voltage equation of the transmission line 

containing an idealized (i.e., neglecting the actuator dynamics and nonlinearities of operation) 

thyristor-controlled series-capacitor device as shown in Fig 2.2. This development follows [6]. In 

the following, vectors and matrices are enclosed within square brackets to avoid confusion with 

multiple subscripts. 

The circuit equations for the network shown in Fig.2.2 can be written as 

[flak = p [C][ec ]abc (2.13) 

[Vt ]abc = ER + PLEEilabe + [eC ]abc [Vo]abc (2.14) 

where  

[i]abc = [ia, ib , is ]T is the line current;  

[ec = [ea , eb ec ]T is the voltage across the TCSC;  

[Vt [abc = [Va Vb Vc ]1. is the generator terminal voltage;  

[Vodabc = [V.,a Vo.b, yo.c ]r is the infinite bus voltage;  

R = re [I], re is the per-phase resistance of the transmission line; I is the identity matrix;  

C = c[I], c is the per-phase capacitance of the TCSC;  

L = le [I], le is the per-phase inductance of the transmission line;  
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Equations (2.13)-(2.14) can be transformed to the rotor reference frame by using Park's 

transformation listed below (0 is the angular position of the rotor): 

1 cos(0) -sin(0) 
[T] =	 1 cos(0-120) -sin(0-120) (2.15) 

[ 1 cos(0-240) -sin(0-240) 

The inverse of (2.15) is obtained as 

1/2 1/2 1/2 
[T]"' =2/3 [ cos(0) cos(0-120) cos(0-240) (2.16) 

-sin(0) -sin(0-120) -sin(0-240) ] 

The product of [Tr' and a[T] /a0 used in the derivations below results in 

0 0 0 
[T]1 a[T] /a0 = [ 0 0 -1 

0 1 0 

The transformed (2.13) is expressed as 

. [Tr' [I]abc	 (2.18) 

= [Ti' p [C] [T] Lec loc, 

= [11-1 [C][1] p[ec loaq + [Ti' a[[C][1]Vae p9 [ec ]pdq 

Choosing 2icf as the base speed, then 

p0 = (0	 (2.19) 

This is approximately 1 p.u. In addition, since the capacitance c in per-unit value is the 

reciprocal of the reactance xe in per-unit value, the capacitor voltage component equations can 

be expressed as 

deed /dt = cob [ xc is + ecq ]	 (2.20) 

deeq /dt = 0b [ xe iq ecd ]	 (2.21) 

Similarly, applying the transformation (2.15) on (2.14) yields the terminal voltage 
components in the rotor reference frame as follows: 

http:2.13)-(2.14
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vd = re id xe iq + (x, /0.), )did /dt + V_ sin(8) + ecd (2.22) 

Vq = xe id + re iq + (xe kol, )diq /dt + V_ cos(8) + eel (2.23) 

2.2.2 The Single- Machine Model 

With the expressions derived above, the description of the electrical-side of the current-

state space model of the single machine connected to an infinite bus is complete. In the model 

presented below, the following assumptions are made: 

1. The magnetic circuit is linear. 

2. The mechanical torque Tin remains constant over the control study. This assumption is 
justified for slow-response turbine-governor systems, in comparison with the faster time-
constants of the electrical system. In addition, it can be noted that the turbine-governor injects 

positive damping into the system for most operating conditions. Thus neglecting the dynamics of 

the mechanical system results in the power system model describing conservative regions of 

stability. However, with faster turbine-governor systems, it will be necessary to include the 
turbine-governor dynamics also [6]. 

3. The field saturation effect is neglected. 

4. The field voltage EF = VF /xad 

5. The current transients in terminal voltage are neglected. 

6. The capacitor voltage transients are neglected. 

The equations of the single machine with the AVR, connected to the infinite bus over a 

transmission line, incorporating a TCSC controller can be expressed as follows [6]: 

-xd did /dt + xad diF /dt + xad dila) /dt = tob [ Vd + ra id + coxaq ikQ coxq iq ] (2.24) 

-Xad did /dt + xF diF /dt + Xad dim, /dt = (.01, [ rF EF /Xad rF iF ] (2.25) 

-Xad did /dt + Xad diF /dt + xki:, dim, /dt = o [ -rid, ild) ] (2.26) 

-xq diq /dt + xaq dikQ /dt = co, [ vq + ra iq+ mdid mad iF Mad ikr) ] (2.27) 

-Xaq diq /dt + XkQ dikQ /dt = WI) [ -rkQ ikQ ] (2.28) 
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do/dt = 0.)t, [ w - 1 ] (2.29) 

M &Itch = TR, id iq (Xq ) iF iq Xad ikD iq Xad + id ikQ Xaq (2.30) 

TR dVi /dt = Vt -VI (2.31) 

Te dEF /dt = Vg Ke EF (2.32) 

TA dVR /dt = [ Vref - Vi V3 MA VR (2.33) 

Tf dV3 /dt = Kf VR rre Ka Kf EF rTe - V3 (2.34)  

where  

vd = re id xe iq + sin(8) + eed (2.35)  

Vq = Xe id + re iq + Ve.,cos(o) + ecq (2.36)  

eed = iq (2.37) 

eeq = -Xc id (2.38) 

Vt = I vd2 + v 2 (2.39) 

This model presents the following nonlinearities: (i) product of speed-voltage terms, (ii) 

trigonometric terms in the terminal voltage components, (iii) product of current terms in the 

swing equation, (iv) product of current and control (bilinear) terms, and (v) hard limits in the 
AVR. 

The equilibrium for the system of equations above is computed based on a specification 

of the loading at the generator terminals, i.e., the steady state power P + jQ, and the generator 

terminal voltage [6]. Sample parameters are provided in Appendix A. 

2.3 Extension to Multimachine Systems 

The single-machine infinite-bus system is a good example to study power system 
dynamics of isolated power systems connected to heavy inertia systems over long transmission 

lines. In the general case, however, groups of machines participate in the oscillations, following 

disturbances. This effect is approximated better using multimachine power system models. In 

this section, the equations listed above for the single-machine case will be extended to 
multimachine systems also, by deriving the appropriate interface relationship for the transmission 

system. 
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The first step in the simulation of multimachine transients involves the solution of 
steady-state load-flow equations [27] with the prescribed generation and loading at the different 

nodes in the network. The result of the load flow study also yields the relative angles of each 

voltage bus with respect to a system reference. This information is used to fix the relative angles 

of each machine with respect to the reference bus. The dynamic studies then focus on the 
behavior of the relative angles. 

In dynamic and transient stability studies, it is conventional to consider the loads as fixed 

at their equilibrium values. Thus with knowledge of the loading at these buses and their terminal 

voltages, these loads can be represented as constant admittances, and absorbed in the network 

admittance matrix, the Ybus [27]. 

Consider an n-node power system, i.e., n = nG + nL , where nG = number of generator 

buses (including the reference), and n1 = number of non-generator buses, collectively called load 

buses. The Ybus matrix will be of size n x n. The network equations are then represented as 

Ibus = Ybus Vbus (2.40) 

where 

Ibus = [ IGT , OT 

Vbus = [ VGT , VLT ]T 

VG and V1 refer to the generator bus voltages and load bus voltages respectively, and Ibus and IG 

refer to bus current and generator bus current respectively. 

The number of equations can be reduced by noting that the load buses are assumed to be 

passive and contribute zero current injections into the network. Thus the grid is partitioned as 
follows: 

IG = YGG VG YGL VL, (2.41) 

0 = YLG VG +Y11 VL (2.42) 
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From (2.41)-(2.42), noting that YLL is nonsingular, the load bus voltage is eliminated to 

yield 

IG = [ YGG YGL 3111.-1 YLP VG (2.43) 

The equation (2.43) can also be represented as 

VG = Z IG (2.44) 

where Z = (R + j X) = [ YGG YGL YIL-1 YLG ]1 is an nG x nG complex matrix. 

The load angle can now be computed for each machine, and is defined as the angle from 

the terminal voltage of each machine to the q-axis of that machine, by using the-steady-state load 

flow solution. A common reference-frame can be chosen to coincide with some reference 
machine. With the knowledge of the steady-state voltage angles with respect to the reference, the 

position of every machine's individual d-q axis can now be fixed with respect to the common 

reference frame [27]. Let this angle be a, for the i'th machine (i.e., the angle between the i'th 

machine's q-axis, and the global Q-axis). 

The transformation of the individual machine quantities to the common reference frame 

results in the following expressions. 

Given the current components (id, , ig, ) from the i'th machine on its d-q axis and referred 

to the system base, the current referred to the D-Q axis is given by 

[ir), = [cos(a) -sin(%) I [id, (2.45) 
iQ, sin(a) cos(a) 

Collecting all such components into the vectors 10 and iQ , i.e, ix = [ix1 ix2 ]T 

where x = D or Q, the components of the transformed terminal voltage are given by the following 

interface equations: 

VD = R - X iQ (2.46) 

vQ =RiQ +X iD (2.47) 

http:2.41)-(2.42
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These common reference-frame voltage components can be transformed to the machine 

reference frame as shown for the i'th machine below, i.e., 

[vdi 1 [ cos(%) sin(%) [vD; (2.48) 
vcp -Sin(ai) COS(04) VQ; 

These voltage components are then referred to the machine-base and used in the 
integration of equations (2.24)-(2.28) for the i'th machine. Note that the swing equations (2.29)-

(2.30) are replaced by dynamical equations for d% /dt and % [28]. 

It can be noted that the TCSC would be connected between two generator nodes, or two 

load nodes, or between a generator and load node. In each case, the network reduction (2.43) and 

the representation (2.44) will result in the control appearing highly nonlinearly in the system 

equations. In the next section, the partial structure-preserving model is proposed to maintain the 

explicit relationship between the control input and the states, by introducing some auxiliary 
variables. 

The multimachine model presented in this section is used in Chapter 5 to simulate the 

dynamics of high-order multimachine power systems to test self-tuning control. 

2.4 Classical Model Representation 

The models presented above are used to evaluate the performance of self-tuning 
controllers which are designed based on low-order models (Chapter 5). In the studies reported in 

Chapters 3 and 4, it is desirable to have a low order approximation of the electro-mechanical 

power system dynamics to facilitate the design of predictive controllers. Classical models are 

commonly used in power system studies to study the electromechanical transients for a few 

seconds following the clearing of large faults. 

Consider the following simplifications made in the single-machine infinite-bus model 

(2.24)-(2.39). 

http:2.24)-(2.39
http:2.24)-(2.28
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(i) The stator transients are neglected, i.e., did /dt = diq /dt = 0, and ra = 0. 

(ii) The damper windings are neglected, and the damping effect is assumed lumped in the 
damping factor D > 0, added to the swing equation. 

(iii) AVR dynamics are neglected. 

(iv) The terminal voltage bus is replaced by the internal voltage bus. The internal voltage eq' is 

assumed to be constant. 

(v) The electrical torque is nearly equal to the electrical power, i.e., Te = Pe /co, and to .--- 1. 

With these simplifications, the swing equation model of the single-machine infinite bus 

is obtained as 

dO)/dt = (1/M) [ Ta, - eq ' V., sin(8)/(xd '+x, -xc ) D(c0-1) l (2.49) 

d8/dt = cob [ to - 1 ] (2.50) 

where xd is the transient reactance, xe is the line reactance, xc is the reactance of the TCSC, D is 

the damping factor, co, is the base speed, and M is the machine inertia. 

This model is used in Chapter 3 to illustrate the performance of different controllers on 

the system. 

2.5 Classical Multimachine Model: Relative Angle Formulation 

The classical internal-node-representation model of the multimachine power system is 

used for the development of control strategies in Chapter 4. When using the TCSC for control 

with such models, all configurations of the controller, i.e., TCSC between generator buses, or 

between load buses, or between a generator and load bus, result in a non-affine control process 

(since all passive nodes, including generator terminal nodes are eliminated in the classical 

model). This makes it very difficult to develop even linear control strategies for large sized grids, 

since the specific structure of the control is lost. 
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"Structure-preserving models" [29] were first proposed in the context of development of 

energy functions for time-varying loads in the study of power system transient stability. In this 

thesis, a "partial structure-preserving model" is proposed for isolating the contribution of the 

TCSC controllers to system dynamics. This development preserves the structure of the TCSC for 

control design, thereby leading to a general framework for the development of linear and 
nonlinear controllers. The above development can lead also to the derivation of control 
algorithms that use "phasor" measurements such as bus voltage angles, and bus voltage 
magnitudes. 

2.5.1 Multimachine Swing Equation 

The dynamics of the machines in the fault area are represented by the so-called swing 

equations, written for the i'th machine as 

do, /dt = cob [co col (2.51) 

del /dt = (UK ) [ Pm Pei Di (CO col) (2.52) 

where  

x, = [Si , ]1. are the states of the i'th machine;  

8, is the relative rotor angle;  

is the rotor speed; 

P., is the prime-mover power; 

D, is the damping constant; 

Pei is the electrical power. 

Note that while (2.51)-(2.52) may appear to be linear, the electric power, Pei, is in fact a 

nonlinear function of the state as studied next. Machine # 1 is chosen as the reference and all 

angles are referred to this bus. Thus the above model is referred to as being in "Relative Rotor 

Angle" formulation [30]. 

http:2.51)-(2.52
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2.5.2 Usual Expression For Electric Power Pc 

The determination of the equilibrium points of the multimachine power system is 
facilitated by the solution of the steady-state power flow equations. On the assumption of passive 

loads, the loads can be converted into equivalent admittances and absorbed in the network 
admittance matrix. The resulting network is expressed as: 

Ibis = Ybus Ybus (2.53) 

where 

Ibus is a vector of bus currents; 

Ybus is the bus-admittance matrix with absorbed loads; 

Vbus is the vector of bus voltages. 

Following the load-flow solution, the internal nodes are created corresponding to the 

generator buses, using the transient reactance xd '. By definition, the internal voltage is computed 

behind the transient reactance (using the terminal voltage and bus current obtained from load 
flow solution). 

Let N = nG + nL be the number of physical nodes (size of Ybus ) in the system, where nG 

and are the number of generator and load nodes respectively. The creation of the nG internal 

nodes thus results in a total of N' = N + nG nodes. The Ybus is augmented accordingly [30], by 

taking into account the admittances of the new branches. In this formulation the generator 
terminal nodes are treated as passive nodes, similar to the load nodes. Thus the current injections 
into the network are assumed only for the internal nodes, and are zero for .all other nodes. 
Following this, a network reduction is performed eliminating all the passive nodes (generator 
terminal nodes and load nodes), and retaining only the generator internal nodes. This procedure 
results in the Ybus reduction 

Yint = [ Y1 Y2 Y4 -I Y3 (2.54) 
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where the nG x nG subsystem Y1 corresponds to the internal nodes, Y2 is nG x N, Y3 is N x no 
and Y4 is N x N. 

Let Yin, = G + j B, where G and B are nG x nG real matrices, and j denotes imaginary 

part. With this formulation, we obtain the equation 

Lint = Yint Eint (2.55) 

where E, = 1E1 I L8, is the internal voltage of the i'th bus at angle 8, with respect to the reference 
machine. 

The electric power output of the i'th machine is thus computed as 

Pei = Re { Is% }, i = 1,2,..,no (2.56) 

where I* refers to complex conjugate of I. 

The expression in (2.56) involves the sine and cosine of the differences in the relative 

rotor angles of the nG machines. In this formulation of the internal-node model, the structure of 

the TCSC (which is connected between two buses and thus appears in four elements of the Ybes 

matrix), appears in a complicated form in the computations in (2.54) and (2.56). (They appear 
linearly in the subsystem Y4 which is subsequently inverted. Thus the structure is "lost" due to 
the difficulty in handling large-sized grids). 

2.5.3 Partial Structure-Preserving Model Formulation 

For simplicity in development, a single TCSC is assumed. The nodes of the augmented 

grid are re-numbered (including the internal nodes) so that the first nG nodes correspond to the 

internal nodes; the nodes nG +1 and nG +2 correspond to the nodes to which the TCSC is 
connected, and all other nodes are numbered from nG +3 to N'. 
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A two-stage network reduction procedure is adopted for the development of the model. 

In the first stage, we define the subsystems of the augmented Ybus matrix with the following 

dimensions: Y1 is (nG +2) x (nG +2), Y2 is (nG +2) x (N-2), Y3 is (N-2) x (nG +2), and Y4 is (N-

2) x (N-2). This partition corresponds to the following network equations: 

IGO = Y1 EV + Y2 V (2.57) 
0= Y3 Ev + Y4 V (2.58) 

where Ev = [E1 ,..EnG ,VnG+1 , VnG+2 11. V = [VnG+3 ,,VN 11. , and IGO = [II ,..,InG ,0,01T.o 

Note that in this formulation, the TCSC is now in subsystem Y1 , and will not be affected 
by the inverse of Y4 . This preserves the structure of the TCSC for controller design purposes, as 

illustrated next. 

The equations in (2.57)-(2.58) are made use of for the first-stage network reduction, 
resulting in 

IGO = [Y1 Y2 Y4' Y3 I Ev (2.59) 

The vector IGO is of size nG+2 x 1. Equation (2.59) may be expressed in decomposed form 

with the first nG components yielding the internal-bus currents as follows: 

IG = Yri EG + Yr2 VTCSC (2.60) 
0 = Yr3 EG + Yr4 VTCSC (2.61) 

where the complex matrices in (2.60)-(2.61) have the following dimensions: Yri is nG x nG, Yr2 

is nG x 2, Yr3 is 2 x nG and Yr4 is 2 x 2. VTCSC is a 2 x 1 complex vector corresponding to the 

complex voltage at the TCSC-buses, the last two components of the vector Ev . 

Note that the subsystem Yr4 can be expressed as 

Yr4 (u) = Yr4(0) + j u Fr4 (2.62) 

http:2.60)-(2.61
http:2.57)-(2.58
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where Fr4 is a constant 2 x 2 matrix with entries 1 along the diagonal, and -1 off diagonals. u, the 

control variable, is the incremental series susceptance of the TCSC, and Yr4(0) is the steady-state 

value of the matrix Yr4 

Let E1 = IE, IZ8, and V, = IV, ILO, . In the following, the absolute symbol is dropped for 

brevity. Now using (2.56), (2.59), (2.60) and (2.61), the electrical power at the bus i can be 
expressed as follows (using the corresponding components of Y = G + j B): 

2 

Pei = E21 Grin + E1 Vk { Gr2 COS(8; -9k) Br2 sin(8, Ok ) (2.63)
k=1 

for i=1,2,..,nG 

In addition to the dynamical equations (2.51)-(2.52) with Pei defined by (2.63), the 
following four non-dynamical "constraint" equations in (2.64) (for a single TCSC controller) are 

necessary to obtain the TCSC bus voltages and angles. For m TCSC controllers, there would be 

4m such equations. Solving these equations for the TCSC bus voltages and angles constitutes the 

second-stage of the network reduction. 

0 = Yr3 EG Yr4 VTCSC + ju Fr4 VTCSC (2.64) 

Equation (2.64) can be resolved into four equations involving real coefficients as 

follows: 

nG 2 2 
E Ek {Gr3ikCOS(8k - Br3ik sin(8k )1 +X, Vk {G,4ik cos(Ok ) sin(Ok ) } U Vk Fr4ik sin(0k) = 0

=1[k=1 k=1 

(2.65) 

nG 2 2 
E Ek {Gr31 sm(8k ) - Br3' cos(ak )} +X Vk {Gpclik sin(Ok ) - Br4ik cos(81, ) } + U Vk Fr4ik cos(8k) = 0
k=1 k=1 

(2.66) 
for i=1,2. 

http:2.51)-(2.52
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The partial structure-preserving model formulation can be generalized in the following 

form (assuming m TCSCs and machine # nG is the reference, non-participating in the dynamics): 

dX/dt = F(X,y) (2.67) 

g(X,y,u) = 0 (2.68) 

912(nG-1) .-where F : S2xx g: Sex x Styx U > 914m are smooth vector functions. 
912(nG-1) is a bounded region of the state space of X; 

L1), c 914" is the auxiliary measurement vector space; 

U c 9im is the set of admissible m TCSC controls; 

nG = number of generators participating in the study; 

m = number of TCSC controllers; 

X = [x1T T
X2 9.9 XnG-1111. , and x; = [b ]T; 

Y = [V1TCSCI V2TCSC, elTCSC, 02TCSC, , V(2m-1)TCSC, V2mTCSC, 0(2m-1)TCSCI 02mTCSdir 

Remark 2.1 Structure of the TCSC is preserved for controller design, however large the grid 
size. 

Remark 2.2 With a proper selection of the relevant buses to be retained in the structure 
preserving model such that the dimension 2(nG -1) = 4m, and given either X or y (4m variables), 

one can set up an iterative scheme using the nonlinear equations (2.68) to estimate the 4m-
variables y or X respectively. Such a scheme would be important in the context of "phasor" 
measurements. Phasor measurement units can be used to measure the phasor quantities in y, from 

which estimates of the relative rotor angle may be obtained. In theoretical studies, the relative 

rotor angles in X (which are obtained from integration of the dynamical equations), can be used 
to synthesize the phasor measurements y. The selection of the "relevant" machines might be 

attempted, for example, by including only those machines which are affected strongly by the 
fault, or those machines that might be best influenced by the TCSC controllers, while assuming 
that other machines remain in their equilibrium state (these assumptions additionally reduce the 
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complexity of the control algorithms). It may be noted that such an estimation procedure may not 

be robust in the presence of modeling errors. 

The partial structure-preserving model approach results in the following dynamical 
equations written for the i'th machine (for m=1). 

d8, /dt = cob [cn -w1 I (2.69) 

2 

/dt = (1/M1) [ Pm R(c,A 031) Ei2Gri E EN.; {Gr2ii cos(8i-0) + Baijsin(Ore)}] (2.70) 

At each integration step, the non-dynamical variables { VI, 01, V2 02 } must be provided 

by solving (2.65)-(2.66). In the design of linear controllers, these auxiliary variables may be 

eliminated during the linearization of (2.67)-(2.68). In the nonlinear generalized predictive 

control framework presented in Chapter 4, there is additional computation effort associated with 

solving the system of equations (2.65)-(2.66). 

2.6 Conclusions 

This chapter presents various models of single-machine and multimachine power 
systems for controller design and for simulation purposes. The eleventh-order model of the 
generator subsystem is used in Chapter 5 for evaluating the performance of self-tuning 
controllers which are designed based on lower order, simplified models. The classical models are 

used to design low-order nonlinear predictive controllers in Chapter 3 and Chapter 4. All models 

are coded in FORTRAN. 

When using the TCSC for control purposes, the controller appears non-affinely in the 

system dynamics. With large-sized grids it is difficult to write the expressions associated with the 

control terms. In this context the concept of a partial structure-preserving model is introduced. 

By introducing four new non-dynamical variables for each TCSC in the system, the power 

system equations are expressed as an algebraic-differential system. This is seen to retain the 

structure of the TCSC explicitly for either nonlinear or linear controller design. In the context of 

http:2.65)-(2.66
http:2.67)-(2.68
http:2.65)-(2.66
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linear controller design, the non-affinity of the control terms do not pose a problem, since 
sequential state perturbation can be used (with limited accuracy) to set up the linear system 
matrices (A,B,C,D) [31]. 

Future chapters present the transient stability control problem and various methods of 

control design to stabilize power systems following large disturbances. 
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Fig. 2.1 Schematic of IEEE Type I AVR used in the simulation studies. 
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Chapter 3  
Control of Low Frequency Oscillations in Power Systems  

3.1 Introduction 

Large electrical faults on interconnected power systems cause the electrical power to 

collapse to a small value which leads to an acceleration of the rotors of synchronous generators, 

due to the unequal mechanical and electrical torques acting on the shafts. Rapid detection of the 

fault, and combinations of remedial (open-loop) control actions - such as fast-acting circuit 
breakers along with the energizing of braking resistors or series capacitors or excitation field 
forcing act to arrest the growth of rotor angles. The interconnected power system may be 

characterized by a region of stability, within which, any initial state results in state trajectories to 

the stable (assumed) post-fault equilibrium. It is of concern that following the clearing of faults, 

the power system states remain within the region of stability. It is possible that the post-fault 

equilibrium may be unstable. Such a situation can happen, for example, as the result of line 
switching following the clearing of faults by the protection gear, which leaves a resultant weak 

transmission system. Thus the feedback controllers to be designed are required to conduct the 

power-system states to a stable post-fault equilibrium, and to maximize the region of stability. 

It is well known that following the clearing of faults, multimachine power systems may 

exhibit low-frequency inter-area oscillations (0.2 hz - 0.8 hz), local-mode oscillations (0.8 hz-1.8 

hz), and inter-plant oscillations (1.8 hz - 3.5 hz), typically studied under the purview of dynamic 

stability [18, 1]. Besides these low-frequency phenomena, the other major dynamic problems of 

current research interest are subsynchronous oscillations [2], and voltage collapse [3]. In this 
dissertation, attention is focused on the development of control methodologies for providing 
transient stability and the rapid damping of low-frequency oscillations in interconnected power 

systems. 

The control of interconnected power systems following large faults has spurred many 

avenues of research. A number of control devices and control methods have been proposed for 

the damping of interconnected power system oscillations. The control devices can be classified 

broadly as (i) existing at the generating sub-system level, and (ii) existing at the system level. 
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Examples of the first class of devices are the popular power system stabilizers (PSS) which are 
used to inject a supplementary damping signal derived from deviation in speed, frequency or 

power into the automatic voltage regulator; excitation system controllers such as the automatic 

voltage regulators (AVR) which regulate the terminal voltage, and in field-forcing mode can act 
as a bang-bang controller; turbine-governor speed regulators, etc. Examples of the second class 

of devices include the newly proposed Flexible ac Transmission System (FACTS) devices [34] 

such as the thyristor-controlled series capacitors (TCSC), static VAR compensators (SVC), 
thyristor-controlled braking resistors, etc. 

The use of control devices at the generating unit level usually provides control over a 
local area. The coordination of many local controllers (such as PSS at each generating unit) is 
usually difficult for the effective damping of inter-area oscillations. Among the problems of 
coordination of PSS are (a) the interaction of the different PSS can be detrimental in that when 
the damping of one machine is increased, that of a different one could further deteriorate, and (b) 

the damping of local modes is often accomplished at the cost of worsened inter-area modes. In 

addition, being fixed parameter local controllers, they are frequently revalidated on site by re-
tuning of controller parameters, whenever significant changes occur in the syitem structure or 
operating parameters. With these considerations, a natural course of action is to use local control 

devices to provide damping to local modes and inter-plant modes alone, the design of which can 

be done usually decoupled of the rest of the system. The inter-area oscillations may be addressed 

more effectively using the system-level controllers, such as the FACTS devices. 

Control of the local mode of oscillation is addressed effectively using a single-machine 
infinite-bus formulation with PSS as the control device. Typically, a simplified model of the 
power system is considered for the design of the PSS, making use of rotor angle, rotor speed, 
voltage behind transient reactance and the field voltage as the states [18]. This model is 
linearized around the desired operating equilibrium, and a transfer-function is obtained between 
the speed signal and the electrical torque signal. The phase-lag contributed by the generator, 
exciter, and power system components are then compensated using an appropriate PSS transfer-

function, which operates with the change in speed signal [18,1]. Among other methods 

employing linear control techniques for the power system are linear, model-based, self-tuning, 

power-system stabilizers [35-37] and power-system stabilizers using linear state-feedback [38]. A 

few nonlinear control techniques have also been proposed to design power system controllers. 
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These include direct feedback linearization for (a) turbine-governor control [39,40], and (b) 
excitation system controllers [41-43], nonlinear variable structure control for thyristor-controlled 

braking resistors [44], and nonlinear adaptive control of thyristor-controlled series capacitors 

[45]. 

Linear controllers normally assure a small guaranteed region of stability when applied on 

nonlinear power systems. The performance of linear controllers is thus good for a small region of 

initial conditions about the equilibrium. There is currently interest in designing robust linear 

controllers for power systems to make the region of stability less conservative. The most 
common, successful application of linear controllers in power systems has been in the dynamic 

stability problem, where the faults are small. In the transient stability problem, the post-fault 

initial conditions are usually large, in the presence of which the performances of linear 
controllers deteriorate considerably. For example, there is some evidence that operating a power 

system stabilizer during a large fault can bring the excitation out of ceiling too early, leading to 

transient instability [46]. On the other hand, nonlinear controllers are valid for the transient 

stability control problem. However, due to practical limitations on control magnitude in both 

directions, there is a limit on how large the post-fault initial conditions may be (or conversely, 

the severity of the fault), for successful stabilization with bounded control. 

Nonlinear variable structure controllers have been proposed for the stabilization of 
power systems [44, 47]. Consider a simplified representation of the power system as follows: 

dX/dt = f(X) + b(X)u (3.1) 

where X E 91n, the control vector u E 9r, f is a smooth vector function taking values in 91" and b 

is a smooth matrix function taking values in 91" m. In the variable structure control, each 

component control u, of the switched control vector u E 91m has the following form: 

u,+(X), with $5,(X) > 0 
u,(X) = i = 1,2,..,m (3.2) 

u,-(X) with q(X) < 0 
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where a1(X) = 0 is the i'th switching surface associated with the. (n-m)-dimensional switching 

surface 

a(X) = [ oi(X), 02(X)am(X) ]T = 0 (3.3) 

The switching surfaces are designed such that the system response restricted to a(X)=0 

is stable. Switching surfaces can be either linear or nonlinear in X. An important aspect of the 

variable structure control is to guarantee the existence of a sliding mode. A sufficient condition 

for the existence of a sliding mode is that in the neighborhood of the switching surface a(X)=0, 

the velocity vector of the state trajectory always points toward the switching surface [48 -50]. For 

a single-input system, this is assured by choosing an appropriate control and Lyapunov function 

V(X) = 0.5 02(X). The feedback control shown in (3.2) (for m=1) is selected so that the 
following condition, also called the "reaching condition",is satisfied: 

dV(X)/dt < 0 (3.4) 

Control schemes such as these are suitable for stabilizing power systems following large 

faults, since following large faults one desires to apply the maximum available control to the 

system, as fast as possible, to ensure that the states do not leave the region of stability. The 

variable-structure control however, requires very fast switching. Since the switching of thyristor-

based controllers occur at a finite frequency in power systems, the state trajectory will not remain 

on the switching hyperplane upon reaching it, but will oscillate in a neighborhood of the 
switching surface, a phenomenon called chattering. Typically some form of deadzone is 
implemented so that the controller switches off in a small neighborhood of the switching surface 

Another restriction in practice arises from the requirement of feedback of all the states of the 
power system. In general, good models of the power system will be necessary for designing such 

controllers, to realize the switching hyperplane. 

Nonlinear optimal control has been proposed for power system stabilization [51 -55]. 

Consider the following representation of the power systems: 

dX/dt = f(X,u) (3.5) 
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where X E 91", u e Uc 9r, with u(t) piecewise continuous and U closed, bounded set; f and 

a/A are continuous functions in X and u. It is assumed that the initial state and final states are 

fixed at the times to and tf respectively. The optimal control is one that takes (3.5) from the post-

fault initial state X(to) = X0, to the post-fault equilibrium X(tf) = Xs, such that the following 

generic criterion function is minimized: 

J = Iff,i(X,u)dt (3.6) 
to 

where frH.1 and aff,,.,/ax are continuous functions of X and u [56]. 

The Hamiltonian function is given by 

n+1 
H(X,p,u) = pifi(X,u) (3.7)

i 

Let p,H.1 = -1 so that the formulation is that of the Maximum Principle [57]. 

The co-state vector p E 91" is obtained as the solution to the following system: 

dp/dt = - awax (3.8) 

The optimal control u(t) that minimizes (3.6) must satisfy the following conditions [56]: 

u(t) maximizes (3.7) and there exists a continuous non-zero p(t) that satisfies (3.8), i.e., u*(t) is 
such that 

H(X,p,u*) = sup H(X,p,u) (3.9)
uE U 

For the stabilization of power systems following large faults, the time-optimal control 

policy is desirable. For a simplified power system, it is shown that the time-optimal control 

policy is a bang-bang control using a series capacitor controller [51] and excitation control [52]. 

Time-optimal control can have the undesired effect of causing large over-shoots in poorly 
damped power systems. This problem can be circumvented however, by computing the time-
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optimal control policy subject to appropriate state-constraints. A quadratic criterion policy has 

the advantages of weighting the individual states and control, but results in a non-time-optimal 

policy. A nonlinear regulator policy is proposed in [54], for a simplified multimachine system, 
using braking-esistor-type control. Nonlinear optimal controllers reveal the idealized 

performance that may be obtained with nonlinear controllers on power systems, but are usually 

computed off-line, since they require knowledge of the envelope of power system states over the 

time period of study. Thus good models of the power system are necessary to design the 
controller. The optimal trajectories obtained off-line can be used during system studies to 
evaluate the performance of non-optimal controllers. 

Direct feedback linearization (DFL) control [41-43] offers an interesting, new alternative 

to the stabilization of power systems. However, it may be noted that it presents the following 

difficulties: a) DFL controllers demand large control effort, due to the dual control task they 

achieve in feedback linearizing the nonlinear power system (typically, the larger the post-fault 

initial conditions, larger are the nonlinearities, and thus, larger is the control effort required to 

feedback linearize the system), and meeting control specifications of the feedback-linearized-

equivalent power system. When the demanded control is restricted artificially to the admissible 

control set (by saturating the controller), the power system is not completely feedback-linearized, 

and there is left some nonlinear dynamics with very different properties from that of the original 

power system [58]. In the context of a DFL controller designed with the TCSC for a simplified 

nonlinear power system, it is observed in section 3.7 that when the power system is dynamically 

unstable, even small uncertainties in the parameter values used to design the DFL controller 
leads to instability, b) DFL controllers require accurate knowledge of the power system model 

and its state (or output) measurements to achieve exact feedback cancellation of the nonlinear 

dynamics, and c) The DFL controllers proposed in the literature for power systems require non-

standard AVRs [41-43] for implementation. There is merit in using the tools developed in 
nonlinear control theory to gain insight of the system dynamics, and develop alternative 
nonlinear controllers, that are inherently more robust than the feedback linearizers. In this thesis, 

one such nonlinear controller is designed by minimizing a nonlinear generalized predictive 

criterion using single-input-multi-output nonlinear models of the power system. 

The use of various control devices leads to different representations of the power system. 

The use of admittance control devices such as the TCSC, results in multiplicative control (i.e., 
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product of the control and power system states). Bilinear system models [56], a special class of 
nonlinear systems that are linear in the state, linear in the control, but jointly nonlinear, seem a 

natural model for such processes. Bilinear self-tuning control using the TCSC has been 
investigated for a class of faults on single-machine and multimachine power systems [45, 59, 60], 

and in Chapter 5 of this thesis. Besides the bilinear effect of the FACTS control devices, it must 

be noted that power system models exhibit more nonlinearities, especially in the swing dynamics, 

and AVRs. The consideration of these additional nonlinearities for controller design can result in 
better utilization of the controller, and faster damping of the power system. 

Finally, it can be noted that there exists considerable uncertainty in power system 
models, due to the changing power system environment, encompassing dynamically changing 

loads, changing generation patterns, changes in network topology, etc. Under such conditions, 

there is merit in opting for self-tuning controllers over fixed-parameter controllers, since the self-

tuning controllers continually optimize performance by reducing the uncertainties in the system 

models, on the basis of measured signals. In the fifth chapter of this dissertation, a self-tuning 
control strategy is explored, using simplified nonlinear models of the power system. 

The problem of transient stability enhancement and damping control is presented in this 

chapter. Three controllers are evaluated for the simplified single-machine infinite-bus system 

presented in Chapter 2. A comparison of the performance for bounded control and different non-

ideal conditions suggest superior robust performance when using a nonlinear predictive 
controller as opposed to a feedback-linearizing controller or a linear-quadratic regulator. 

3.2 The Transient-Stability Control Problem. 

The dynamics of power systems experiencing the effects of large disturbances can be 
represented by three sets of equations, for the pre-fault, during the fault and post-fault systems. It 

is assumed that the pre-fault system is stable, and at equilibrium. The fault occurs at time tF , and 
is confined to the interval [tF, tF ). During this period, the structure of the system can change, due 

to the operation of protection gear. After the clearing of the fault, the system is described by the 

following set of equations, assuming without loss of generality that tF = 0: 
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dX/dt = f(X,u), 0 t < oo, X(0)=x0, (3.10) 

where X E clx is the vector of power system states, Xo E f/x is the initial state condition; 

f : L1x x U ---> 9inN is a smooth vector function; 
atnN is a bounded region of the state-space of the system (3.10); 

U c 9im is the set of admissible values of the m TCSC controllers; 

N = number of generators in the study, excluding the reference machine; 

n = order of each machine subsystem; 

m = number of TCSC devices. 

It can be noted that the N generators considered may have other control devices 
connected on them. It is assumed that these controllers can be considered as part of the plant 
represented by f(X,u). In the multimachine case, (3.10) has a number of stable and unstable 

equilibria. It is assumed that C2x describes a neighborhood of the post-fault equilibrium of 
interest. Such a neighborhood is of practical interest, since it restricts the angular swings taken 
by the generators, and does not permit the destructive case of "pole-slipping". Trajectories 
originating from initial conditions in flx may or may not leave the set S2x, i.e., the set S2x is not 
necessarily invariant. 

Let Xs(110) E nx be a stable post-fault equilibrium. The local control devices (typically 

linear feedback controllers) contained within f normally keep this equilibrium stable. The post-
fault equilibrium depends on the steady-state compensating value of the TCSC, denoted as u0 . 

For a class of unstable post-fault equilibria, it is assumed that a u0 E U can be found to make the 
post-fault equilibrium stable. The system (3.10) is assumed to be smooth, and thus with initial 
condition X(0) = xo , and control u e U, admits a unique solution X(t). 

For the unforced power system, there is a region of initial conditions in the state-space 
from which the trajectories converge to Xs, termed the region of stability of Xs, denoted by 
A(Xs). Note that in the absence of the parametric TCSC controller, there is less guarantee of a 
stable post-fault equilibrium, Xs. 
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A dynamically controlled region of stability can be defined as follows: 

A(Xs(uo)) = { X(0) = xo I limX(0 = Xs(uo) } (3.11) 

where X(t) is the solution of (3.10) for some u E U. 

For the transient-stability control problem the following are desirable: 

(i) u E U, Uo E U such that X E A(Xs(Uo)), for as large an initial condition, X(0) = xo, Xo E S2x, 
as possible. 

(ii) X(t) > Xs, rapidly. 

The above control problem may be formulated as one of minimum-time. This 
dissertation will be concerned with developing control methodologies to achieve such tasks. It 

may be emphasized that the post-fault equilibrium is dependent on the steady-state compensation 

value of the TCSC. There may exist a number of compensating uo , at which the post-fault 
equilibrium Xs may be stable. It may be argued that the critical issue in power systems is the 
stable operation of the system at all times. Hence the convergence of the post-fault dynamics to 

any physically achievable stable Xs(uo) may be viewed as desirable. 

In this chapter, the design of a nonlinear-time-series, model-based, generalized predictive 

controller for a simplified power system is illustrated, using rotor angle as the measured output, 
with the TCSC controller. Generalized predictive control offers the advantages of being easy to 
implement in real-time, and allowing systematic methods of handling input constraints. These 
methods are formalized in Chapter 4, for the multimachine power system. 

This chapter also examines a very simple design of a series-capacitor-based, feedback-

linearizing controller, and subjects it to three types of uncertainties: (1) bounded control, (2) 

uncertainties in model parameters, and (3) presence of unmodeled inter-area-type disturbances. 

The performance of the feedback linearizing controller is evaluated and compared with that of 
the nonlinear generalized predictive controller and an ordinary LQ regulator, which also are 
subjected to similar conditions. 



38 

3.3. Power System Models for Controller Design 

The dynamics of the post-fault power system can be described by a set of nonlinear 
differential equations (3.10). The states can be associated with each machine's armature currents 

and rotor currents resolved through Park's equations, rotor dynamics, AVR and turbine-governor 

dynamics as noted in Chapter 2. Many controller design methods utilize simplified models of the 

synchronous generator with states composed of the rotor dynamics, change of internal voltage in 

the quadrature axis, and the AVR. With the incorporation of the AVR, it can be noted that the 
field voltage is typically a state variable, and not an independent agent for control, except for a 
short period during field forcing in the event that the terminal voltage feedback collapses. In the 

following paragraphs, two issues regarding the simplification of power system models for 
controller design are addressed. 

3.3.1 Considerations Regarding AVR 

Most modern generators are equipped with automatic voltage regulators (AVR). These 

are devices which maintain the terminal voltage of the generator at a specified value and in the 

process, modulate the field voltage and hence the field current, thus supplying the required 
reactive power to the load. It is well known that the AVR can inject negative damping into the 
system at high power loading, leading power factors, and large tie-line reactance [18]. In 
linearized analysis terms, this can result in unstable, rotor-mode eigenvalues at some power 
loading. This phenomenon cannot be simulated in models that neglect the AVR dynamics. 
However, an ad-hoc simulation of unstable rotor modes may be done by making the mechanical 
damping constant negative in the swing equation. 

The neglect of the AVR in power system models used for feedback control design 
purposes and the use of field voltage as an independent control variable as proposed in the 
feedback linearizing controllers of [41-43] cannot guarantee terminal voltage regulation, except 
by adding non-standard AVRs by the incorporation of additional control loops in the feedback 
linearizers. In this case however, the nonlinear dynamics are not canceled completely, since the 
feedback of terminal voltage results in the injection of significant nonlinearities into the system. 



39 

3.3.2 Considerations Regarding Infinite Bus 

The single-machine-infinite-bus (SMIB) approximation is applicable for faults around 

isolated low-inertia systems, which are connected to high-inertia external systems. However, 

there is concern that the SMIB-designed controllers may not perform well in the presence of 

inter-area modes. It is necessary to evaluate the SMIB-designed nonlinear controllers on more 

realistic multimachine models, with different oscillation frequencies. For an ad-hoc appraisal of 

controller performance, a simulation test may be devised on SMIB systems, where the infinite 

bus voltage is modulated in magnitude by an inter-area-type frequency, an approach termed 

"single-machine-quasi-infinite-bus" in [611. 

In the following sections, the designs of a candidate nonlinear predictive controller and a 

candidate feedback linearizing controller for power system transient stability are presented. The 

designs are based on series-capacitor control, and for simplicity of illustration of the concepts 

involved, and in the interest of brevity, uses the simplified second-order model of the power 

system presented in Chapter 2. The candidate controllers are subjected to the testing criteria such 

as those listed above, and for comparison purposes are evaluated alongside an ordinary LQ 
regulator which is also subjected to the same test conditions. 

3.4. Discrete-Time Nonlinear Predictive Controller 

Consider the simplified power system model of the post-fault single machine connected 

to an infinite bus presented in Chapter 2, represented with the rotor speed and rotor angle, with 

equilibrium translated to the origin, and controllable series susceptance as follows: 

(18 /dt = 0, w (3.12) 

dw /dt = (1/M) { Tn, - E V sin(Ele +6 )(Be +u) - Do3 } (3.13) 

where Tn, is the prime mover torque; 

E is the internal bus voltage of the generator; 

V is the infinite bus voltage; 
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B is the series susceptance;  

M is the machine inertia in seconds;  

D is the mechanical damping factor;  

8 is the deviation in rotor angle in radians;  

co is the deviation of the rotor speed in per-unit, w = base speed, 377 rads/sec;  

u is the control input (additional series susceptance);  

suffix e represents equilibrium value.  

Consider the system (3.12)-(3.13). An input-output model of the system can be obtained 
by choosing 

y(t) = 6(t) (3.14) 

Differentiating (3.14) twice and eliminating co in (3.12)-(3.13) yields 

d28 /dt2 + (D/M)d8 /dt + cob VEsin(Se +8)1 Be +u 1/M - (0t, Tm /M = 0 (3.15) 

The properties of linear controllers with the linearized input-output model of (3.15) can 

now be illustrated, which will provide insight into local behavior of the controllers to be 
designed. 

Linearization of (3.15) at the state-space origin yields: 

d2AS /dt2 + a dA8 /dt + b AS = c Au (3.16) 

where a,b,and c are appropriate linearization constants dependent on the operating state and 
control, and AS represents a small deviation of 8 from the origin, and Au represents a small 
deviation of u from the steady-state control. 

A simple proportional output feedback may be designed for (3.16) by choosing 

Au = -Koz (3.17) 

http:3.12)-(3.13
http:3.12)-(3.13
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where K is some feedback gain constant. 

Substituting (3.17) into (3.16), the roots of the resulting homogeneous linear differential 
equation are obtained as 

X1,2 = { -a ± .NI [a2 - 4(b+cK) ] } /2 (3.18) 

For normal operation of the power system, the rotor modes exhibit oscillatory damping, 
indicating complex conjugate roots. Clearly, the real parts of (3.18) are unaffected by the 
selection of K. Thus the controller (3.17) cannot stabilize the system (3.16) locally, as long as a2 
-4(b+cK) < 0. Secondly, the roots of (3.16) cannot be placed at will in the state-space, due to the 
dependency of the roots on the single tunable parameter K. 

The controller may be chosen as a PD (a proportional + derivative) controller, which 
would result in 

Au = -K1 M - K2 dM/dt (3.19) 

By substituting (3.19) in (3.16), the roots of the characteristic polynomial are obtained as 

ki,2 = { -(a+cK2 ) ± 4 [(a+cK2 )2 4(b+cK, )1 1/2 (3.20) 

Thus by introducing feedback of the derivative of the output, the real part and the 
imaginary parts of (3.20) can be manipulated independently, by an appropriate choice of the 
gains. These concepts will be used in the development of the predictive control methodology. 
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3.4.1 Discrete-Time Nonlinear Input-Output Model 

The system (3.15) can be discretized locally by using Euler's backward shift 
approximations for the differentials, with sufficiently small step size h, i.e., 

d8/dt = [81(44 ok /h (3.21) 

d28/dt2 = [8k+i 28k + 8k-, ]/h2 (3.22) 

By substitution of (3.21)-(3.22) into (3.15), and re-arrangement of the time-shifted terms, the 

discrete, nonlinear input-output equation for the power system is obtained as 

8k+i = a1 Sk + a2 81(.1 + b1 sin(8e +8k ) + c1 sin(8e +8k )uk + d (3.23) 

where the parameters are defined as follows: 

al = -al i/ao' ; a2 = -a2'/ao' ; 1)1 = -bil/ao' 

c1 = -cii/ao ' ; d = -d' 

and 

ao' = 1/h2 + D/(hM); al' = - (2/h2 + D/(hM)); a2 = 1/h2 

bi' = co, VEBe /M; ci' = cob VE/M; d' = -cob T. /M 

3.4.2 Generalized Predictive Control Criterion 

The generalized predictive controller (GPC) is now based on the model (3.23), by 
minimizing the following generalized predictive cost function: 

J = (1/2) { 82kti + (pi /2) 8k41-112 + (P2 /2) u2k+i-i 1 (3.24) 
J=1 

The cost function (3.24) involves quadratic terms in the output, the discrete rate-of-

change of the output, and the input. The rate-of-change of the output terms are included to have 

derivative effect as discussed earlier for the linearized model. N is the prediction horizon of the 

http:3.21)-(3.22
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GPC; pi is a weight on the rate-of-change term, and p2 is a weight on the control magnitude. 

These quadratic terms can be interpreted to be "energy terms". For example, the second quadratic 

term is proportional to the kinetic energy of the rotor, (1/2)Md. Thus the quadratic cost-function 

(3.24) sums the total "energy" of the system over the horizon. The selection of the controller u = 

[ui, u2,..,u/d which minimizes the criterion function (3.24) would thus minimize the energy of the 

system, in keeping with Lyapunov stability requirements. 

3.4.3 Predictions of the Nonlinear Discrete-Time Reference Model 

The predictions of the plant output as demanded by (3.24) over the horizon N are highly 

nonlinear in the control, and may be obtained by running the time index j in (3.25) from 1 to N. 

Note that when j=1, the initial conditions for the predictions are available as the current and past 

output measurements, Sk , and The control values needed for the predictions are 
obtained iteratively by minimizing (3.24) so that 

Zok+i = a1 8k+i-1 + a2 8k+j-2 + b1 sin(k +Ski-j-1) + c1 sin(8e +6k+i-i )uk+i_i + d (3.25) 

3.4.4 Minimization of the Criterion Function 

The cost-function (3.24) is minimized with respect to the controllers uk+;_i over 

j=1,2,..,N. This procedure yields N nonlinear equations in the future controls. Consider the i'th 

such equation obtained by minimizing (3.24) with respect to i'th control, uk+i_i 

muyauk,i_i = { [ sk+; Alkt; + pi [ok+; ok+.0] [Alk+; Aik+.0[} + P2 Uk+i-i = 0 (3.26) 
J=1 

i.e., fi (u) = 0, for i=1,2,..,N, where u = [uk ,uk+19..91.1k+N-111. 

The derivative of the j'th prediction of the output with respect to the i'th control is 
defined recursively as follows: 
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For j = 1, 2,..,N; i = j, j+1,..,N; set Aik = Aik_i = 0, so that 

when j = i, Alk+i = Cl sin(5e +8k+i-i ) 

when j < i, Aikti = 0 (causality) 

when j > i, use the equation (3.27) 

a8k+j aUk+i-1 = Alk+j = A' k+j-1 Alk+J-1 a2 0'k+j -2 (3.27) 

where 

= [al + b1 cos(Oe +Oki-J-1 ) + c1 cos( Se +5k-to )14-6-1 (3.28) 

The nonlinear equations (3.26) can be solved numerically [62]. As the control weight p2 

is reduced, the control-magnitude is allowed to become larger. When magnitude-constraints are 

applied on the control, it takes the form of a bang-bang control. Such control can bring the 

system to the target set quicker than the controls designed with larger control weight p2. In 

numerical minimization however, larger weights p2 can have the beneficial effect of smooth 

control and of causing the minimization algorithm to search with small steps which can help in 

convergence of the procedure, as illustrated in the example in section 5.6.2. The modification of 

the minimization algorithm when control magnitude constraints are applied is discussed in 
section 4.7. The control loop is closed using the control uk, and the whole procedure is repeated 

on the next time interval. This method provides a powerful method of nonlinear output-feedback 

control. In general, large prediction horizons will be necessary to assure stability. The framework 

developed allows the implementation of receding-horizon controllers. In the simulation results 

presented in this chapter, the horizon N=2 is selected, and an unconstrained minimization is 
carried out, to keep the procedure simple. The resulting control is restricted to the constraints. 

3.5. Feedback Linearizing Controller Design 

Nonlinear systems and control have received renewed attention in recent years. For 

certain kinds of nonlinear systems where the control variable appears linearly, it has been shown 

that subject to certain conditions being satisfied by the model, it would be possible to devise a 

transformation to design a state feedback control law, which cancels all the dynamics of the 
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system, and replace it with a desired linear dynamical system [64,65]. This would have the effect 

of "global linearization" since the linearization holds throughout the state-space, in contrast to 
conventional local linearization techniques. 

The system (3.12)-(3.13) can be represented as 

d8/dt = cob w (3.29) 

do)/dt = a(co,8)+b(5)u 

and is in a form amenable to direct feedback cancellation of nonlinear dynamics. 

Assuming that b(5) # 0, a direct feedback linearizing control law takes the form 

u = [v - a(o),5)]/b(5) (3.30) 
i.e.,  

u = [v - T. + V E sin(Se +5)Be + Do)] / V E sin(5, +5)  (3.31) 

Substituting (3.31) in (3.29) results in the following equivalent system: 

d5/dt = cob 0) (3.32) 
clo)/dt = v/M (3.33) 

Now choosing the linear control law as 

v = -48 k.o) (3.34) 

the system (3.32)-(3.33) can be provided with some desired linear response. The linear 
component of the control may be designed by solving the well-known algebraic Ricatti equation, 

considering the feedback linearized plant (3.32) and (3.33) for the (A,b)-pair. 

http:3.32)-(3.33
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Remark 3.1 The controller (3.30) fails whenever 

8 = ± nrc - 8, , n=0, 1 , 2, .. (3.35) 

which may also be found to be the values at which the columns of the nonlinear controllability 

matrix [65] fail the linear independence test. 

Remark 3.2 The controller (3.30) requires full state information, and has two components - a 
feedback linearizing component and a linear feedback component. The control must be restricted 

to the admissible control set. In the event that the required u(x) is restricted by, and on, the 
boundary of the admissible control set, (3.30) no longer guarantees feedback linearization. In the 

transient stability problem, the initial post-fault states are typically large, and thus the control 

demanded by (3.30) to linearize the system can be very large, and can cause controller saturation. 

In this event, the residual nonlinear dynamics will not behave as the original nonlinear power 

system, but with different properties. 

3.6. Linear Quadratic Regulator 

A linear quadratic regulator can be designed on the nominal linearized system of (3.12) 

and (3.13), around the origin. In this case, the reference system is obtained as 

dx/dt = Ax + bu (3.36) 

In this case the controller is obtained as: 

u = -1(x (3.37) 

where K is a row-vector of feedback gains, obtained by solving the algebraic Ricatti matrix 

equation, considering the (A,b) pair of (3.36). When this controller is used on the system (3.12-

3.13), asymptotic stability is guaranteed in a small region about the origin. While this is not 
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suitable for the transient stability problem, it would serve the purpose of comparison with the 

nonlinear predictive controller, and feedback linearizing controller. 

3.7. Simulation Data, Results & Discussion 

All simulations in this section are based on the classical model representation presented 

in section 2.4. The following representative simulation parameters are used: Be =1/(Xdi+Xi +Xe -

Xee ), where Xdi =2.0 p.u. is the direct axis transient reactance, X1 =0.5 p.u. is the equivalent 

transformer reactance, Xe =1 p.u. is the line reactance, and Xce .= 0.5 p.u. is the equilibrium 

value of the series capacitor reactance, corresponding to 50% compensation of Xe. Let the 
capacitor reactance have a range of 0-100% compensation of Xe. Thus the maximum and 

minimum allowable incremental series susceptance is umax =0.06667 p.u. and umm =-0.04762 p.u. 

The machine inertia M=3.25 seconds, internal bus voltage E =1 p.u. infinite bus voltage V =0.99 

p.u. and synchronous speed cot, =377 rads/sec. The damping factor D is varied in each simulation 

and is listed below appropriately. 

All simulations to follow are done at the nominal operating condition, 8e = 50 degrees, 

co, =0 and prime mover torque Tm =0.252795. At a sampling (and numerical integration) time 

step of h=0.01 second, and damping factor D=0.5, the coefficients of the model (3.23) are 
obtained as al = 1.99846, a2 = -0.99846, b1 = -0.00382, c1 = -0.01147, d= 0.00293. 

3.7.1 Effect of Bounded Control 

As mentioned earlier, the control demanded by the feedback linearizing control (3.30) 

can be excessively large, and in practical systems, would be restricted to the control saturation 

values. For the above operating conditions choosing D=0.5, LQR state weighting matrix 
Q=diag(1,1) and control weight R=1, the closed loop feedback linearized system (3.32)-(3.33) 

has the following eigenvalues: X1,2 =-7.76173 ± j7.6142, corresponding to the controller gains 

K= [1.0, 49.5126]. For the same LQR weights, the linearized closed loop system (3.36)-(3.37) 

has the following eigenvalues: X1,2 = -5.7785 ± j7.613, corresponding to controller gains 

http:3.36)-(3.37
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K= [0.758679, 48.8674]. The GPC uses a weight of 131 =100 on the rate-of-change of output, and 

p2 =0, on the control. Choosing 132 = 0 can be observed in the simulations to result in quick 

damping of the power system transients. The fault is a short-circuit simulated by. setting E=0 p.u., 

cleared after 10 ac cycles, simulated by re-setting E=1.0 p.u. Without control, the power system 

(3.12)-(3.13) is unstable. 

Fig. 3.1 shows the application of the direct feedback linearizing controller (3.30) 
(abbreviated DFL), the nonlinear generalized predictive controller (3.24) (abbreviated GPC), and 

the LQ regulator (3.37) (abbreviated LQR). The nonlinear GPC yields the best damping among 

the controllers, in the shortest possible time, using the least amount of control energy. The DFL 

demands more control (needs three positive peaks of control) to do the same task less efficiently 

than the LQR (needs two positive peaks of control), as shown by the less damped swings of DFL. 

The LQR neglects all nonlinearities in the system, and as a consequence, displays degraded 

performance when compared with the nonlinear GPC. This study brings out the following 
features - (i) the control input demanded by the feedback linearizing controller (3.30) is greater 

than the control input demanded by the LQR (3.37), since (3.30) spends considerable effort in 

linearizing the system. (ii) LQRs exhibit degraded performance on nonlinear systems when 
compared with the nonlinear GPC. 

3.7.2 Imperfect Reference Models 

The nominal susceptance term Be is seen to incorporate the line reactance Xe , the 

measurement of which involves considerable uncertainty. With this consideration, the plant 

(3.12)-(3.13) uses the Be as outlined earlier, while the DFL (3.30) and the nonlinear GPC (3.24) 
use a value of Be which is 20% in error, i.e., Bi=0.8B, . For appropriate comparison, the 
linearized model (3.36) also uses B'=0.8Be to design the LQR (3.37). With D=0.5, Q=diag(1,1), 

R=1 for the linear part of (3.30) and for (3.37), and 131 =100, p2 =0 for (3.24), the result of a 10-

cycle short-circuit is shown in Fig.3.2. 

While all controllers stabilize the system, the offset seen in the rotor angle and the 
control input, caused by the DFL and nonlinear GPC controllers, bring out the next important 

http:3.12)-(3.13
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feature of nonlinear controllers. If the reference model is inaccurate, the feedback linearizing 
controller would feedback linearize the system around a wrong post-fault equilibrium. Similarly, 
the nonlinear GPC would conduct the post-fault system to a wrong equilibrium. 

In contrast to this, the LQR which was also designed on a similar imperfect reference 
model is seen to bring the power system to the proper (only) post-fault equilibrium at the origin. 
It may be noted that the LQR exhibits poor damping compared with the nonlinear GPC. Similar 
observations can be also made with regard to the infinite-bus voltage, a fictitious far-end 
quantity. 

3.7.3 Effect of Uncertain Parameters for a Dynamically Unstable Situation 

By virtue of its simplicity, the model (3.12)-(3.13) cannot represent the dynamic 
instability seen in AVR-equipped power systems. However, the system (3.12)-(3.13) can be made 
unstable artificially by choosing the damping factor as a negative quantity. It may be noted that 
the damping factor D is a fictitious quantity, lumping the effects of mechanical and electrical 
damping in (3.12)-(3.13). Thus it can be determined only approximately for a practical power 
system. Let D= -1.91 in the model (3.12)-(3.13). Let D'.1.1D, representing a 10% error in the 
estimation of the damping factor, be the value of D used in the feedback linearizer (3.30), the 
nonlinear GPC (3.24), and the linear reference model (3.36). For Q.diag(1,1), R=1, pi =100, P2 
= 0, and a 9 cycle short-circuit, the response with the controllers (3.24), (3.30) and (3.37) on the 
system (3.12)-(3.13) is shown in Fig.3.3. 

The nonlinear GPC (3.24) performs best, and rapidly damps the rotor oscillations, using 
the least control input. The feedback linearizing controller fails in stabilizing the system, and 
results in an unstable transient. Under identical conditions, the LQR controller is seen to stabilize 
the system to the correct equilibrium, however, using twice the control demanded by the 
nonlinear GPC. This result indicates the potential danger that exists by improper feedback 
cancellation of unstable dynamics, a situation similar to the inexact cancellation of a non-
minimum phase zero by an unstable pole in linear systems. 

http:3.12)-(3.13
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For values of D more positive than -1.91 and for shorter-duration faults, the feedback 

linearizer may stabilize the system, but is inferior in performance when compared with the 
nonlinear GPC and the LQR controllers. 

3.7.4 Effect of "Inter-Area-Oscillation-Tyne" Disturbance 

In the context of interconnected operation of power systems, the presence of various 
inter-area and local modes of oscillation is inevitable. This situation can be simulated 
approximately, by modulating the infinite bus voltage in magnitude by a small frequency, 
representative of an inter-area mode. 

Accordingly for the simulation of the plant (3.12)-(3.13), V(t) = Vo 0.125cos(3.77t) is 

chosen, corresponding to an "inter-area" fundamental frequency of 0.6 hz. Further, the nonlinear 

GPC (3.24), the controller (3.30), and the linear reference model (3.36) are provided with the 

constant value of Vo only. Choosing D=0.5, Q=diag(1,1), R=1 for both controllers (3.30) and 

(3.37), and pi =100 and p2 =0 in (3.24), the response to a 9 cycle short-circuit is shown in 

Fig.3.4. Again, the feedback linearizer can be observed to fail in stabilizing the system, while the 

LQR stabilizes the system under identical conditions. The nonlinear GPC performs best, and 
nearly rejects the effect of the persistent disturbance. 

It may be noted that for smaller faults and lower inter-area frequencies, the feedback 

linearizer may stabilize the system. Under identical circumstances, it may be noted that the LQR 

stabilizes the system, and the nonlinear GPC offers the greatest effectiveness for stabilization and 

damping. 

Similar observations can be made with respect to unmodeled prime-mover dynamics 

when comparing controller performance. [e.g., consider Tm(t) = + 0.05cos(cort) in the 

simulations, and use only To,0 in the control design, where Co, is a frequency close enough to 

resonate with the generator shaft mode, say cot. = 4.54 rads/sec]. 

http:3.12)-(3.13
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The simulation results reported in this section suggest that the nonlinear predictive 
control strategy is more robust than a feedback linearizing controller in the presence of some 
unmodeled errors. The control demanded by the nonlinear predictive controller is seen to be 
smaller than the control demanded by the LQR. This shows that use of a nonlinear reference 
model in the controller design can result in better utilization of the available control resources, 
than using controllers built on linear reference models. The methods developed in this chapter 
will be formalized and extended to multimachine power systems in the next chapter. 

3.8. Conclusions 

In this chapter, a review of power system controllers is presented. The performance of a 
nonlinear generalized predictive controller, feedback linearizing controller and an ordinary LQ 
regulator for a simplified power system is studied under non-ideal conditions. Due to physical 
limitations on the magnitude of the control, transient stability controllers initially operate in 
"bang-bang" mode. Nonlinear GPC is seen to provide a powerful, effective option for the 
nonlinear output feedback control of the power system. The nonlinear GPC is seen to possess 
excellent robustness properties, and requires the least control when compared with the LQR and 
the feedback linearizing controllers. A major advantage of the nonlinear GPC over the other two 
controllers is that it allows a systematic way of handling control constraints albeit numerically 
intensive (e.g., [63]), which may restrict the look-ahead horizon for real-time implementation. 
Controller saturation is studied in more detail in Chapter 4, for the multimachine system. Another 
advantage of the nonlinear GPC is its ability to offer bang-bang-type control initially (with p2 = 
0) when the state-transients are large, and later, when the transients are small, offer a nonlinear 
quadratic-feedback control. This avoids the chattering-type of problem that is sometimes seen in 
variable-structure control, when the reference model is uncertain. 

Feedback linearizing controllers demand excessive control effort, compared with LQRs, 
due to the additional control effort expended in feedback linearizing the nonlinear dynamics. 
When the control saturates, the nonlinear dynamics are not canceled entirely, and the system is 
left with residual nonlinear dynamics with properties that are different from the original 
nonlinear power system. Feedback linearizing controllers need a perfect reference model and 
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measurements to provide exact cancellation. Uncertainties in the reference model can lead to 
deteriorated robustness of the controller. There exists the danger of de-stabilization, by 
imperfectly canceling power system dynamics which possess an unstable equilibrium, e.g., 

dynamically unstable situations. The presence of dynamic uncertainties such as time-varying 

infinite-bus voltage, can lead to non-robust performance of the feedback-linearizing controller. 

LQ regulators perform worse than the nonlinear GPC, but better than the feedback 

linearizers, for identical conditions. Although the performance of LQR on nonlinear systems is 

sub-optimal, it is seen to have good robustness properties. 

The results obtained with single-machine infinite-bus studies are primarily tutorial in 

nature. In actual power systems, it will ne necessary to consider the design of controllers when 

groups of machines participate in the dynamics. Consequently, a design methodology of a 

nonlinear predictive controller is presented for multimachine systems in Chapter 4. The partial 

structure-preserving model presented in Chapter 2 is used for the studies. 
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Chapter 4  
Nonlinear Predictive Control Algorithms  

4.1 Introduction 

In earlier chapters various simplified models of the power system are presented for 
control studies. A brief review of various control schemes proposed for power system control is 

presented. A nonlinear predictive controller designed for a simplified power system was 
introduced in Chapter 3. In this chapter, nonlinear predictive controllers are derived and analyzed 

for the multimachine power system. These controllers are designed to return the power system 

states to a small neighborhood of the post-fault equilibrium for a class of faults. In this region, 

linear controllers are designed to provide local asymptotic stability and rapid damping. Methods 

of coordinating the two controllers are discussed. 

In Chapter 3, it is suggested that a desirable characterization of the power system control 

problem following large disturbances is minimum-time control, which is part of a broader class 

of optimal control problems. Provided that all the state-trajectory solutions for a given initial 

condition are known (or computed) for a family of control inputs, then the selection of a 
particular trajectory which optimizes some performance criterion (such as minimum-time) is 

relatively easy; assuming that difficult theoretical issues such as controllability and the existence 

of the optimal control are already resolved. The optimal control problem thus requires knowledge 

of the entire family of state trajectories over the solution interval. In the case of linear systems 

for which a general solution can be obtained analytically, the optimal control problem has been 

studied extensively [66]. In the general case of nonlinear systems, however, the trajectories in 

future-time can only be constructed numerically. Thus the solution of the optimal control 
problem in nonlinear systems is frequently computed off-line. With the availability of relatively 

inexpensive and fast computing power, there has been renewed interest in the development of 

optimal controllers for real-time applications. Unfortunately, the majority of the computation 

methods for nonlinear optimal controllers are still not feasible for large-dimension practical 

problems. Attention has been focused in recent years on a class of control problems which are 

related to the optimal control problem, but are relatively easier to implement in real-time. One 

such controller is designed by optimizing some criterion function that looks at only a small time-
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interval of the system response at each sampling period. In the fixed-horizon framework, at each 

sampling period, the "time-window" (or horizon) is advanced further, until finally the whole 

time-interval of interest has been covered. In the moving horizon framework, the prediction 
window is decreased steadily from an initial large horizon to unity as time progresses, to account 

for the fact that a portion of the control problem is solved as time proceeds. This class of 
controllers has been termed predictive controllers in the literature. When designed appropriately, 

these sub-optimal controllers can provide desirable features such as closed-loop stability, and in 

addition are robust to small variations in the process dynamics. 

Predictive controllers have enjoyed widespread popularity in process control 

applications, where due to relatively slow process dynamics, control optimization is feasible for 

large horizons. In this dissertation, a framework is presented for the development of nonlinear 

predictive controllers for power system applications. The proposed nonlinear predictive 
controller is shown to stabilize the power system for a class of faults. To keep focus on the power 

system application, a general approach is avoided and a very specific structure of the power 
system is assumed for the development of the controller. However, the framework is general 

enough to embed more complicated models of the power system. 

Prior to the design of predictive controllers, attention may be called to the issue of 
controllability of nonlinear systems. One controllability problem may be stated as follows: 
"given the initial condition x0 E S2x c 9r, and the post-fault equilibrium Xs E S2x, does there 

exist a control u(t) E U c 9r, such that the state is transferred from X(to) = x0 to X(tf) = Xs in 
finite time ?" This generally is quite a difficult issue to resolve in power systems which are 
subject to a variety of disturbances and operating condition changes. 

There are however means of testing less stringent controllability conditions, a few of 
which are cited below. Let null controllability be defined as the ability to transferany state to the 

origin using some control u(t) E U [67, p. 82]. Let the power system with equilibrium translated 

to the origin be represented as 

dX/dt = CD(X,u), X(0)=x0 (4.1) 

where cI): S-Ix x U 3 91"' is a smooth vector function; flx c , and U c 91', with 0 E U. 
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The lemmas presented in Appendix C suggest that if there exists a smooth feedback 
control that can stabilize the system (4.1), then the system (4.1) is null controllable. However, the 

converse need not be true, i.e., controllability does not imply stabilization by smooth feedback 

for nonlinear systems [69-71]. Notions of controllability are developed rigorously in [72, 73], 

without the assumption of the existence of the feedback function. 

Power systems are subject to a range of operating condition changes,. with generation 

continually adjusted to meet load demands. It is feasible to check the conditions set forth above 

for a candidate set of operating conditions, using appropriate models of the power system. The 

design of nonlinear predictive controllers is presented in this thesis based on the underlying 
assumption of controllability of the power system using the FACTS devices. 

The following sections address the design of the nonlinear, discrete-time, model-based, 

predictive controller. 

4.2 Discrete-Time Model of the Power System 

With a view to computer-implementation, the designs of the nonlinear predictive 
controllers are developed in discrete-time. It is thus necessary to address the discretization of the 

power system model for controller design. 

On the assumption of classical model representation for controller design (2.51)-(2.52), 

each machine subsystem can be represented by two differential equations, for the machine speed 

and relative angle. The partial structure-preserving model approach developed in Chapter 2 
results in the following dynamical equations written for the i'th machine, assuming for simplicity, 

a single TCSC device (i.e., m=1), and machine # 1 as the reference. 

c181/dt = cob [ - coi ] (4.2) 

/dt = (1/Mi) [ Pm Di col) Ei2 Grlii Vi(Gr2ii cos(8i -0i) + Br2ii sin(oi 1] (4.3) 
.i=i 

http:2.51)-(2.52
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At each integration step, the non-dynamical variables {V1, 91, V2, 92 } Must be provided 

by solving (2.65)-(2.66). In the design of linear controllers, these auxiliary variables may be 
eliminated during the linearization of (2.67)-(2.68). In the nonlinear generalized predictive 
control framework, there is additional computation effort associated with solving the system of 

equations (2.65)-(2.66). 

At this stage, it is assumed that the transconductances of the network can be neglected 

(all G-matrices set to zero). Normally the line resistances which figure in the transconductances 

are small compared with the line reactances (generally, resistance 10% of the reactance). 
Neglecting the transconductances has been found convenient by many researchers to generate 

approximate energy functions for stability studies. In this study, this assumption reduces the 

complexity of the control algorithms to follow, but with a small loss of performance. 

The relative rotor angle of the i'th machine is chosen as the i'th machine's output. Taking 

two derivatives of the relative rotor angle and eliminating the rotor speed yields the model, 

d2 8; idt2 = Pi /Mi (Di /Mi ) doi /dt - (cub Ei ) { Br2ii sin(oi - ei ) } (4.4) 

Analog-to-digital converters are popularly used to approximate the continuous-time 

measurements as finite-wordlength (12-14 bits) discrete measurements for computer-control. In 

the development of a discrete-time system, a key concern is that "given the discrete-output from 

the discrete-time system which approximates a continuous-time system, is it possible to re-

construct the continuous-time output" ? This problem is well-addressed in continuous-time 
linear systems, for which it is sufficient to sample the continuous-time, linear system with a 

sampling time T < 7r/con,, where comax is the frequency of the largest complex eigenvalue of the 

system. There exist a number of possibilities for reconstruction. For example, the holding of the 

signal as piecewise constant between samples assumes a zero-order polynomial to approximate 

the continuous-time signal between samples, and is called the zero-order hold [74]. Similarly, if a 

first-order polynomial is used for extrapolation, the device realizing this scheme is called a first-

order hold. In this thesis, a very basic discretization procedure is adopted. Assuming a uniform 

sampling device, and the availability of three measurements at uniform intervals, interpolating 

polynomials can be constructed at these points. These interpolating polynomials can be used to 

http:2.65)-(2.66
http:2.67)-(2.68
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construct approximations to the derivatives. A standard result in numerical analysis states that 

the error in approximation is upper-bounded by the square of the sampling time, as shown in the 
lemma in Appendix D, and further the error in discretization goes to zero at least quadratically as 
the sampling time is reduced. 

Thus (4.4) may be discretized locally using a sufficiently small time-step h > 0, and 
applying the following backward shift approximations for the derivatives (k s N refers to the 
discrete time-step) 

d5; /dt = (Sik+i Sik ) / h (4.5 a) 

d28; /dt2 = (Oik+i 28ik + 8ik-1 ) / h2 (4.5 b) 

Substituting (4.5) into (4.4) and re-arranging the time-shifted terms, the nonlinear 
discrete-time "input-output" model approximation of the i'th machine can be obtained as 

2 2 

Sik+I = arj Sik+j-1 + bij sin(Sik - eik + c; (4.6)J=1 J=1 

where 

= 1/h2 + Di /(Mi h); 

a'il = -2/h2 - Di /(M1 h); 

a'a = 1/h2 

b'11 = (-wb Ball 84i); 

b'12 = (-wbEi Bal2 /Mi); 

c'i = ( cob P,, /Mi ) 

and  

ai; = /a'io ; for j=1,2.  

bij = b'ii /a'io ; for j=1,2.  

ci = c'i /a'10 ; for j=1,2.  

Next, the equations (2.65)-(2.66) are discretized for use in the solution for [Vik , elk ,V2k 

92k ], (assuming m=1, i.e., a single TCSC controller). For i=1,2, 

http:2.65)-(2.66
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nG 2 2 
I En {-Boin sin(8k )} + Vnk {-Br4in sin(Onk)} uk Vnk Frain sin(Onk ) } = 0 (4.7)
n =1 n=1 n=1 

nG 2 2 
En {131-3'n COS(8nk )} + Vnk { 13,4in COS(Ank )} + 1.1k { Vnk Fr4in COS(Onk )1 = 0 (4.8)n=1 n=1 n=1 

The various terms in (4.7)-(4.8) are defined in Chapter 2, section 2.5.3. Given the no 
relative rotor angles and the control uk, (4.7)-(4.8) have to be solved for the TCSC voltages and 
angles. The nature of such solutions of (4.7)-(4.8) can be investigated using the Implicit Function 
Theorem. 

Let Sk = [81k 9 52k ,,8nG-lkiT , and Yk = [Vlk V2k , elk , 02k 9,V(2m-1)k , V2mk , 0(2m-1)k, 

92nnkf . Note that 128 and y E Sly c 9i4m . In the general case, (4.7)-(4.8) can be 
expressed as 

gk(yk , 5k) = 0 (4.9) 

where gk: S2y x Sts 914M is a smooth vector function. 

In the equation (4.9), the function g is shown time-varying to account for the fact that the 

control uk is embedded in the function. This is done to put the equations in the standard form of 

the Implicit Function Theorem. In the predictive control formulation, systems of equations of the 

type (4.7)-(4.8) are solved iteratively (iteration index not shown) for a given time-step k, in 
conjunction with the minimization of the predictive control criterion. In such a formulation, at 
each iteration of the minimization a refined value of uk is obtained, and is used in the system of 
equations (4.7)-(4.8) to solve for yk. Hence for this iteration, the iterative value of the control uk 

is treated as a known variable, and is dropped from the arguments in the function g as in (4.9). In 

the theorem that follows, the time index k is dropped for brevity. 
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4.2.2 Theorem (Implicit Function Theorem): 

Let g: D c 914m x 91"G-1 914'n be continuous on an open neighborhood D° c D of a point  
(y°,8°) for which g(y°,8°) = 0. Let Sd denote the closure of the set S.  

Assume that agMy exists in a neighborhood of (y°,8°) and is continuous at (y°,8°) and that  

ag(y°,8°)/ay is nonsingular.  
9inG 1-Then there exist open neighborhoods Sy c 914in and S8 of yo and 80 respectively, such 

that, for any 8 E S81 , the equation g(y,8) = 0 has a unique solution y = H8 E Syd and the 
mapping H: S8 -+ 914m is continuous. 

Moreover, if ag/a8 exists at (y°,8°), then H is differentiable at So such that 
00,0, 80 )/ay]' ag(y0 ,80 )/a8H,(8°) -

Proof: [75, p. 128] 

Note the fact that g maps 914'n into itself assures that DgMy is a 4m x 4m square matrix. 

The key assumption is that the Jacobian ag/ay is nonsingular at the operating point, (y °, 8°). 

In simulation studies, the vector 8 is available by solving the dynamical equations, and 

by the above theorem, can be used to synthesize the quantities in y. In practical cases, "phasor" 

measurement units [130] can be used to measure the 4m quantities in y. Next by interchanging 

the roles of 8 and y in the above theorem, it may be possible to estimate 4m relative rotor angles 
8, to initiate the control algorithm. Since most often, nG > 4m in interconnected power systems, it 

will be necessary to exercise engineering approximations to select the "relevant" machines 
appropriately in the control study, such that nG = 4m. Such a selection of relevant machines can 
be attempted, for example, by including only those machines that are best influenced by the 
TCSC controllers, while assuming that other machines remain in their post-fault equilibrium 
values. 

On study of the system (4.6) it is seen that a necessary condition for controllability of 

(4.6) is, 8,k # O for i=1,2....,nG-1 and j=1,2, for consecutive values of k E N. If 8,k = Ojk, for any 

i=1,2,....,n0-1 and j=1,2, then it is required that they occur at non-consecutive k (note that the k's 

are countable for the predictive control problem). 
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The resulting discrete-time model can be expressed as follows: 

Xk +1 = G(Xk, Yk) (4.10) 

g(Xk, Yk, = 0 (4.11) 

where 
912(1G-1),G: S2x x > fix, and g: S2x x Sly x U --> 914" are smooth vector functions, fix 

Sly c 914m, U c 9141". 

The state vector Xk is now composed of the relative rotor angles of each machine at time 

interval k, and its immediate past relative rotor angle measurement, i.e., at time interval k-1, i.e, 

by choosing the states xik = [Sik, 8,k-1]T for i=1,2,..,nG-1, and Xk = [ kT, X2k1-.9 ,X0G-okT]T This 

formulation has the advantage that for the state space of dimension 2(nG-1), only (n0-1) 
measurements need to be communicated, as the other (nG-1) variables are stored in the computer 

as past measurements. 

The discrete-time reference model of the multimachine power system obtained in this 
section will be used in subsequent sections to develop nonlinear predictive control policies using 

the TCSC. 

4.3 Nonlinear Predictive Control 

Optimal control problems have received great attention in the literature for well over two 
decades. Dynamic Programming [76] and the Maximum Principle [57] have been two major 
methods by which optimal control has been studied in the literature. Various control objectives 

can be pursued in the optimal control formulation, e.g., time-optimal control, fuel-optimal 

control, or a quadratic performance regulator. A number of algorithms have been developed for 

the numerical computation of optimal controls [77]. The solution of the Maximum Principle 

problem normally results from the solution of a two-point boundary-value problem. With the 

exception of the linear quadratic regulator, it is very difficult to obtain feedback control policies 
for general classes of systems. 
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For a number of reasons, it is not practical to compute off-line optimal controls and 

implement in open-loop on the power system. For example, such off-line controls would have to 
be computed for a very large number of different initial conditions in the power system. A 
second reason is that it is difficult to measure the exact initial conditions in the power system to 
schedule the correct open-loop control. A slight discrepancy in the initial conditions or a slight 
delay of switching in the controller can result in non-optimal performance. A third reason arises 
from the fact that power systems are subject to a variety of load and generation changes over the 
course of the day. Coupled with random line switching, these vagaries of operation result in 

considerably uncertain models. It is unrealistic to compute and store optimal control policies for 
all operating conditions and initial conditions. This provides the motivation for the development 
of nonlinear control policies that are implementable in real-time for the power system, making 
use of feedback information. The optimal-control policies however, provide a useful bench-mark 

for judging controller performance, and for performing sensitivity studies relative to design 
parameters. 

A popular control policy currently gaining interest is one wherein an optimal control is 
computed on-line, which would transfer the measured state x of the system to the equilibrium 
within a finite time interval. This control is then applied to the system for a smaller time interval, 

after which the whole procedure is repeated. This approach is termed the moving horizon or the 
receding horizon approach [78-82]. Model Predictive Control and Generalized Predictive Control 
based on linear models [83], and to a lesser extent, nonlinear models [84], have been popular in 
process control applications. In the power system literature, linear-model-based generalized 

predictive control has been proposed by [36]. It has been stressed earlier that with linear control 
policies, the guaranteed region of stability can be conservative for the transient stability problem. 
Thus this chapter is devoted to the development of nonlinear predictive controllers suitable for 
large faults on the power system. 

Nonlinear predictive controllers can be developed with two objectives as noted earlier: 
(a) the above-mentioned moving horizon policy wherein, at each control cycle, the horizon is 
modified to reflect the fact that a portion of the control objective has been achieved, and (b) a 
fixed horizon policy, wherein the look-ahead window is kept fixed throughout the control study, 
with appropriate modification to the control law when the states approach a small neighborhood 

of the equilibrium. As the horizon approaches infinity in the limit, the predictive control problem 
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can be posed as an infinite-horizon optimal control problem, which has been studied extensively 

in the literature. The existence issue of a general class of deterministic, discrete-time, infinite-
horizon optimal control problems, including the special sub-case of finite-horizon problem is 
addressed by [78]. In the formulation of the optimal predictive control problem in this thesis, it is 
presupposed that if there is a control sequence { u; I i E NI such that the initial state xo can be 
transferred to the final state xf (assumed a stable equilibrium), then it is indeed a stabilizing 
control for the system for the given initial condition. 

In the case of moving horizon control, it will be necessary to choose the horizon large 
enough to satisfy the terminal constraints on the state. In such a case, a similar stability argument 

can be used for the control sequence obtained by minimizing a moving horizon control policy. 

This issue has been studied by a few authors for linear and nonlinear systems. In [85] and [79], 
conditions under which receding-horizon control stabilizes unconstrained linear systems are 
presented. In ref. [80] conditions are presented under which the moving horizon approach 
stabilizes constrained nonlinear discrete-time systems. Ref. [81] presents conditions under which 
a receding horizon control can stabilize unconstrained nonlinear systems. 

4.3.1 Formulation of the Moving Horizon Control Problem 

Consider the following description of the moving horizon control problem [82] with 
constraints 

Xk+ I = 4k(Xk, Yk = gk(Xk, uk), k J i (4.12) 

(Xk, uk) e Wk C 9r 91m, Xi = a, k,i E N (4.13) 

where, Ok: 91" x ---> 91" and gk: 91" x 91'. Let hk: 9t1 x 91m -+ 9Z be a nonnegative 
function. The moving horizon problem is to determine a feedback law uk = lik(Xk), which, for 
each initial i E N, and feasible initial state a E 91 ", generates through (4.12) a sequence {Ilk 
that minimizes the remaining cost 
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Ji = hk(Ylo Uk) (4.14)
k=i 

with respect to the control uk, subject to (4.12)-(4.13). Translating the equilibrium to the origin, it 

is assumed that the constraint set Wk and the functions 113k, gk and hk satisfy 

(0,0) E Wk, e`k(0,0) = 0, gk(0,0) = 0, hk(0,0) = 0, k E N (4.15) 

Let Mk E N denote the moving-horizon at time-step k. The moving-horizon feedback law 

for (4.12)-(4.13) is then defined as follows. For i 0, let the state of the system be xi To 
determine the moving-horizon control Ili, let a = xi, and solve the following optimal control 
problem: 

Minimize 

i+Mi-1 

JiMH = E hk(Yk, (4.16)
k=i 

subject to (4.12)-(4.13) and the constraints 

i < k < i+Mi-1, Xi+mi = 0 (4.17) 

Let 

A 

uk(i, a; Mi) 
A 

be an optimal control sequence for this problem. The control is then selected as ui = ui(i,cc; Mi). 
A 

That is, the moving-horizon feedback law at index i is defined by the function rii(.;Mi), where 
A A 

11 AC; = ub,a;Mi) 

A 

It is quite difficult to obtain an explicit formula for Instead, the problem is posed as a 

mathematical programming problem and solved using one of the well established techniques. 

http:4.12)-(4.13
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As hinted earlier, the moving-horizon may have to be quite large initially to admit a 

solution to the optimal control problem with terminal equality constraints. This would inevitably 

pose a restriction for real-time computing. Thus a case may be made for the development of a 

predictive controller that replaces the terminal equality constraint with a relaxed constraint such 

that Xi+mi e S2L, where LIL is some neighborhood of the post-fault equilibrium (assume origin). 

Clearly, relaxing the terminal equality constraint this way, the moving-horizon control loses its 

asymptotic stabilizing properties inside LIL. In this context, a coordinated control policy is 

developed with a locally stabilizing control inside f/L. A few methods of coordinating the actions 

of the controllers are also discussed in this chapter. 

4.3.2 Application to Power System Control 

The development of the predictive control problem in section 4.3.1 is general enough to 

accommodate various criterion functions for optimal control. For ease of development of feasible 

coordinated control algorithms, a quadratic criterion function is selected in this thesis. The 
quadratic criterion function weights the deviation of the state and the control from their 
equilibrium values. The minimization of this criterion function in conjunction with the nonlinear 

model of the power system leads to the development of a nonlinear discrete-time regulator for the 

power system. Assuming that at discrete interval i the control u1 E int(U), then such a criterion 

function is twice-differentiable in the control. A number of numerical optimization algorithms 

have been developed to compute the optimal control for this case. In the case when the control Ili 
is on the boundary of the set U, constrained numerical minimization schemes are used to 
compute the minimum of the cost function. In the following paragraphs, an intuitively appealing 

form of the quadratic criterion function is selected, using relative rotor angles as the measured 
outputs. This formulation offers the advantage of making use of system planning expertise to 

tailor an appropriate criterion function for the practical system under study. In'further sections, 

this criterion function will be replaced by a state-based criterion function for ease of 
mathematical analysis. Consequently, the following output vector is defined: 

1L7k = [81k, 821o18(nG-1)kiT (4.18) 
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The vector Yk consists of measurements of outputs of various machines at the discrete 
time interval k. Correspondingly, let Yrk = VTR, 8r2k,,8r(nG-OkiT be the vector of machine 
reference outputs. For the stabilization problem, the reference outputs can be kept constant at 
their post-fault steady-state equilibrium values (obtained, for example, through contingency 
studies), but other options may also be exercised with advantage in the moving horizon 
framework as listed later. The criterion function is selected by choosing quadratic terms that 
weight the deviation of the relative rotor angle and also the difference in angles between 
consecutive intervals. The selection of the weights on the quadratic terms can be done relatively, 
for example, by ranking the machines in the order of their importance in the network. Such 
information can be provided by system planning studies for a selected list of contingencies. If a 

particular generator is most susceptible to instability for the list of contingencies, then weighting 

that machine relatively more than the others would provide a control policy that emphasizes the 
performance of that machine. Such algorithm tailoring can be done easily with system planning 
experience. 

Let the time interval of interest in control be [to,td. Following the discretization 
procedure with sampling time h, let this interval be divided into M equally spaced intervals. Then 
j=0 corresponds to to, and j=M corresponds to tf, i.e., M E N is the prediction horizon selected. 

Assume for simplicity that m=1 (a single TCSC controller). The results of this section can be 
generalized straightforwardly to the case when m > 1. 

Let 08 c NIG-% (for the system defined in (4.10), SIx = S2s x 00, Yk E as, where Yk 
arises from the solution of (4.10)-(4.11) at sampling index k E N. Note that Yrk E 08 V k E N. 
Let j E [1, M] be the prediction index. Let i E [1, n0-1] be the machine or corresponding 
model index. Let V and W be real, diagonal, positive-definite, (nG-1) x (nG-1) weighting 
matrices. Let p > 0 be the penalty on excessive control effort. Let u = [uk, u E 91M 

such that uk+i_i E U c 91 be the control vector. 

Then the following quadratic function J: SZS x 91m > 91+ is defined: 

M 
J = 

j= 1 
Yrk+ilTV[Yk+i Yrk+i] + [Yk-ki Yk +j_1]T W [Yk4-j Yk+i-1] + (p12) u2k+j-il (4.19) 

http:4.10)-(4.11
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In the formulation of the problem in (4.19), it is assumed that at the interval k, the initial 

(measured values) conditions Yk are available. Given M E N and subsequent minimization of 
(4.19), the entire control envelope u E 91M is available, corresponding to control values for each 
sampling instant in the control horizon. As indicated earlier, this control is applied to the system 
(4.10)-(4.11) for only a small interval, say s N, and the optimization of (4.19) is repeated 
again, with the newly measured initial conditions at corresponding time interval k+s. The 
application of this control for a short interval brings the system (4.10)-(4.11) closer to the 
terminal state. Thus subsequent optimization need not be done over the whole horizon M, but 

over a reduced interval, say horizon Ms. This changes the optimization space from 91M to 91ms. 

This gives rise to the procedure generalized in (4.16)-(4.17). 

Keeping the reference output constant at the post-fault equilibrium value is one 
possibility for the stabilization problem. However, as noted earlier, such a choice of terminal 
equality constraint can be restrictive in practical application, since it may requife a large horizon 
to achieve the same. In further sections the terminal equality constraint is relaxed so that the 
terminal state is guaranteed to enter a small neighborhood of the post-fault equilibrium, thus 
permitting the use of smaller prediction horizons, but without assurance of asymptotic stability 
provided by the predictive controller in this neighborhood [81]. In this region linear controllers 
can be designed to guarantee local asymptotic stability, rapid damping and robust performance in 
the presence of unmodeled errors. 

In the remainder of this section, detailed algorithms are developed for the nonlinear 
predictive controller for power systems, by taking advantage of the special structure of the 
multimachine swing equations. 

http:4.16)-(4.17
http:4.10)-(4.11
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4.3.2.1 Predictions of the Model Output 

The criterion function (4.19) is observed to require the predictions of the model output 

over the horizon M. An assumption in this study is that the power system transients are large 

following the clearing of the fault, and the signal-to-sensor-noise ratio is negligible. In this 
context, all computations are done in a deterministic sense. 

The predictions of the output are highly nonlinear in the control variables. The 
deterministic predictions may be obtained by running the prediction-index j from 1 to M. 
Consider the i'th predicted output. When j=1, the initial conditions for the predictions are 

available as the currently measured output 6,k and the immediate past output 6ik_i. The output 

predictions are computed similar to (4.6) as 

2 2 

8ik+j = ain8ik+j-n E binVnk+j-lsin(8ik+0 -enk+j-1) Ci (4.20)
n=1 n=1 

To compute these predictions, the following equations obtained by expanding (4.11) for 

one TCSC device, i.e., m=1, should be solved for the auxiliary measurements { V ik+i-i, eik+J-1, 

V2k+j-19 02k+j-i } with p=1,2 

nG 2 2 
En {-13r31" sinl8 11 4- V lict i (A )1 u nk+j-1 FreSill(enk+j-1)} = 0 (4.21)N-nk+j-1, , nk+j-1 k+j-1 { YV

n=1 n=1 n=1 

nG 2 2 

En{ -Bo" cos(8nk+i-1) + Z Vnk+j-i {Brencos(enk-11-1) } + Uk+j-1{ E Vnk+j-1 FrenCOS(Onk+j-1)} = 0 (4.22)
n=1 n=1 n=1 

The input 1.1k+0 E U necessary for the computations in (4.21)-(4.22) are obtained 

iteratively in conjunction with the minimization of (4.19). The solution to the above set of 
equations is similar to the equations listed in (4.7)-(4.8) which was addressed via the Implicit 

Function Theorem, 4.4.2. 

http:4.21)-(4.22
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4.3.2.2 First Derivatives of the Predictions 

The minimization of the cost function (4.19) is facilitated by the computation of the 
derivatives of the model predictions with respect to the control variables over the prediction 
horizon. These derivatives can be obtained recursively, assuming that ui E int(U). When ui takes 
values at the boundary of U, constrained minimization procedures are used to solve the 
optimization problem. Thus, as far as the optimization procedure goes, the iterative numerical 
search will restrict the search to the set U. However, the computation of the first derivatives of 
the predictions and the cost function may be required at a few nonfeasible points also (i.e., for 
values of ui outside U). Consider the derivative of the p'th predicted output of the i'th machine 
with respect to the j'th control 

Doik.p/Duk,;_i = Aiik+p 

Aiik+p = AiAjik+p-1 ai2 Aiik+p-2 rik+p-1 4ik+p-1 (4.23) 
for i=1,2,..,nG-1 (machine index) 

j=1,2,...,M (control index) 

p=j,j+1,..,M (prediction index, commences from j due to causality) 

where I' and 4 are vectors and A is an expression defined by 

2 
Ai = ail + 

n=1
bin Vnk+p-1COS((Sik+p-1 Onk+p-1) (4.24) 

Fik+p_i = [biiSin(Sik+p-1 91k+p-1), bi2Sin(S1k+p-1 92k+p-1), -bi1COS(Sik+p-1 elk+p-1),-bi2COS(6ik+p-1 02k+p-1)] 

(4.25) 

k+p-1 [ avIk+p-1aik+j-1, av2k+p-1ialik+j-1, aeik+p_irauk+ki, ae2k+p_dauktil1 JT (4.26) 

The vector 4 can be obtained as the solution of a linear system of equations. The linear 
system of equations are setup by differentiating the equations (4.21)-(4.22) (for p=1,2), with 
respect to the control Uk+j.i The computation of these derivatives may also be required at a few 
unfeasible points. 

http:4.21)-(4.22
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4.3.2.3 Minimization of the Criterion Function 

This problem can be stated as follows:  
Find the optimal control with respect to inf J(u) }  (4.27) 

{u1} E U  

subject to the system (4.10)-(4.11).  

This is a constrained minimization problem, the solution of which can be attempted 
numerically using well-established numerical techniques. First-order minimization techniques 
require only the gradient of the function (4.27). Assuming that E int(U), a necessary condition 
for the criterion function (4.19) to be a minimum is obtained by setting its derivative with respect 
to the future controls over the horizon to zero. Using the explicit relations that have been derived 
for all the derivatives of the predictions with respect to the controls, the minimization procedure 

results in M nonlinear equations to be solved for the control envelope. Let v, and w, be the i'th 
diagonal element of V and W respectively. The i'th such equation, obtained from the derivative 
of (4.19) with respect to the i'th control, is given as follows: 

M nG-1 
ai(u) /auk+i_i { ( vn [8nk+j= 8rnk+j] Ainkti + wn [8nIc+j 8nici-j-11 [Aink+j nk+j-1 D} + nr Uk+i-1 = 0n=1 

(4.28) 
i.e., f,(u) = 0, for i=1,2,...,M (4.29) 
Let F(u) = [f1, f2,..., far = 0 (4.30) 

Thus the minimization procedure gives rise to a new problem, the solution of the system of 
equations (4.30) where 

F: 91m > 91m is a vector function, and u = [uk, uk+i, ,uk+m-1]T, and u1 E int(U). 

It may be noted that the dimension of the optimization problem gradually reduces in the 
moving horizon framework. The solution of the M equations in (4.30) can be attempted 
numerically. In the present work, the minimization of (4.19) is obtained by gradient minimization 
procedures from (4.30). Constraints can be accommodated in the design procedure to ensure that 

http:4.10)-(4.11
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e U. The next few sections will discuss stabilization properties under two headings, assuming 

that (i) there are no control constraints, and (ii) with control magnitude-constraints. 

4.4 Stabilization of the Power System Using Moving Horizon Control (without control 
constraints) 

In this section, it will be shown that the moving-horizon control problem with the 
quadratic function can be viewed as a discrete nonlinear regulator problem. In the next section, 
the state terminal equality constraint is relaxed in a neighborhood of the post-fault equilibrium, to 
take the benefit of a smaller prediction horizon, and use a locally stabilizing control. 

In Section 4.3.2, the predictive control problem was posed using the output vector (4.18), 
to take advantage of system-planning experience in tailoring the control algorithm. As mentioned 

earlier, for ease of mathematical analysis, an equivalent state-space representation of the system 
is used in this section. In the description of (4.10)-(4.11), it is assumed that X = [x1T, x2T, 

X(nG-1)1]T, where xi = [5,k, are states of the generator-subsystem i. Let Xrk = xrikT, Xr 2k1.,9 

le(nG_I)kT1T be the vector of reference states at time interval k. Let v1,v2,...,v(nG.1) be the weights on 

the deviation of the outputs from their reference values, and w1, W2, ,W(nG-1) be the weights on 

the difference between two consecutive output values. Let each term in (4.19) be expanded and 

regrouped with the quadratic terms associated with each state. Then the following 2(nG-1) x 
2(nG-1) positive definite, real matrix Q is set up: 

Qdiagonal = E(V11-W1), (V2+W2),,(V(nG-1)+W(nG-1)), W19W2,,W(nG-1)1 

Ql,nG = QnG,1 = -W1 

Q2,nG+1 = QnG+1,2 = -W2 (4.31) 

Q(nG-1),2(nG-1) -W(nG-1) 

With the above definition of Q, the cost function (4.19) can be re-written using the state 
vector X as follows: 

http:4.10)-(4.11
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J = 
i= 

[Xk+i Xrk+j1T Q [Xkti Xrk+i] + (p /2) u2k+i-it (4.32)
1 

Let (4.10)-(4.11) be represented as 

Xk+l = S(Xk, Uk), X0 = X0 E fix (4.33) 

Then the minimization problem is posed as follows: 

Minimize J in (4.32), subject to (i) E 91 (no constraints on u), i E [ 1 , M] and (ii) the system 
(4.33). 

5t2(nG-1),Introducing M co-state variables p the function H: clx x 912(11G-1) x 91 --> 91+ 

can be set up as follows: 

M 
H(X,p,u) = E { [Xk+i Xrk +j]T Q[Xkti Xtk +j] +(p/2) 1112k+j-1 +pTkil [ -Xk+j + s(xk+si_i,uk+ki)] } (4.34)

1= 1 

The minimization problem can then be posed as 

Find the optimal control relative to inf { H(X,p,u) } (4.35)
912(nG-1)Uk+,_i E 91, i E [1,M1, X E E 

The necessary conditions for the minimum can be expressed as 

aH(X,p,u)/au = 0 

aH(X,p,u)/aX = 0 

aH(X,p,u)/ap = 0 

i.e, 

p Ukti-1 PTk+j asockii_buk+omuk+;_, = 0 (4.36) 
(x,+; Xrk+j)TQ irkti + PTk+j4-1. asock+,,uk+oxk+, = 0 (4.37) 
- Xkti S(Xk+j-1, Uk+j-i) = 0 (4.38) 

http:4.10)-(4.11
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Note that when j=1, Xk is the measured initial state. Also, Xk+M = Xrk+M = Xs is the 
terminal state equality constraint. It can be noted that the M-F 1 ith control does not affect the cost 
function (4.32). Thus (4.36) suggests pk+m+, = 0. When this is applied to (4.37), a terminal 
constraint on the co-state vector is obtained as 

Pk+M = Q [xk+m Xrk+M] (4.39) 

This formulation thus results in a discrete, two-point, boundary-value problem (4.37)-
(4.38), given the initial state Xk and the terminal co-state Pk +M from (4.39), and the control given 

by (4.36). While there is no guarantee of a solution to this boundary-value problem, physical 
reasoning suggests otherwise, i.e., following large faults, rapid switching in of the series 
capacitors and subsequent removal is a well known mitigation scheme [4]. 

4.4.1 Remark: Assume (i) (X0, uk) is an admissible pair for X0 E ch and uk+i_i E 91; (ii) the 

vector aS/au # 0 (component-wise) V Xk+j E LIx, uktF, E 91 V j E [1,M], (iii) p is a non-zero 
vector, (iv) the terminal state Xk+M = X where X, is a stable post-fault equilibrium. Then the 
optimal control {uk+0 } arising from (4.35) conducts the state Xkii for j=1,2,..,M, close to X for 
the system (4.33). 

Let the optimal sequence arising from the solution of (4.35) be applied for a discrete 
time-interval l < M. At time 10-1, let the horizon M be reduced by t. The minimization problem is 

re-initialized as follows with the initial state Xk+e 

m-r 
H(X,p,u) = { [Xk+0; Xrk+efilTQ[Xk+r+; X ]-1-(0 /2, u2k+i,;_i+irk+to [-Xk+ett + 

(4.40) 

4.4.2 Remark: Consider the minimization of (4.40) with the assumptions set in Remark 4.4.1. 
The conclusions of Remark 4.4.1 hold. 
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It may be noted that the moving horizon policy terminates when M - t is reduced to 1, 

i.e., a one-step-ahead control policy. As remarked earlier, the initial horizon M may have to be 
quite large to ensure that the terminal state reaches Xs. Normally, power systems that operate at a 
stable equilibrium point possess local asymptotic stability, i.e., all the eigenvalues of the 
linearized system matrix A (obtained around X and excluding the reference machine) of the 
continuous-time power system have negative real parts. Thus since Xs is assumed to be a stable 
post-fault equilibrium, when the terminal state approaches (close to) Xs under the action of the 
finite-horizon optimal controller, then for k > M, the system state will approach the equilibrium 

asymptotically (see for example, the simulation results presented in this chapter, obtained using 
the nonlinear predictive controller). This suggests that as M is increased appropriately, the 
resulting optimal control may take the system state close to X and with M > 00, Xk+M Xs. A 

large M, however, can pose significant computing requirements and thus is restrictive in practice. 

In the next section, a coordinated control policy is developed which aims to relax the 
terminal state equality constraint such that the states can enter a neighborhood of the post-fault 
equilibrium, using predictive controllers with smaller horizons. In this region, linear controllers 
provide rapid stabilization and damping. 

4.5 Development of A Locally Stabilizing Controller 

A wealth of literature is available for the design of linear power system controllers 
[1,6,20]. In this section, the classical model formulation of the multimachine power system is 
used for the development of the linear controllers. 

Choosing the post-fault equilibrium (Xs,Ys,0), the system of equations (4.10)-(4.11) can 
be linearized, by defining the linearized quantities 

AXk = Xk XS, 637k = Yk Ys, Alik = ilk 0 = Uk-

http:4.10)-(4.11
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It may be noted that in the linearization of (4.10)-(4.11), the auxiliary measurement 
vector Ayk can be eliminated. The linear system of equations can then be expressed as 

A,Ck+1 = Ai.Xk + Bilk (4.41) 

This system of equations can now be used for the development of linear controllers that 

are suitable for coordination with the nonlinear predictive controllers designed earlier. 

4.5.1 Design of the Linear Controller 

Any method of linear controller design can be implemented with the reference model 

(4.41) for use in the coordinated control policy, using the methodology presented later. The 
linear quadratic regulator (LQR) is particularly suitable for providing rapid damping to the power 
system in a neighborhood of the post-fault equilibrium, using multiple TCSC devices. Many 
methods of enhancing the robustness of state-feedback based linear control schemes are now 
emerging in the control literature [86], and can be used with advantage in power system 
applications. 

The linear quadratic regulator is obtained by minimizing the following criterion function: 

= { AXTk Q AXk + uTkRuk I (4.42) 

subject to the plant equations (4.41). Here Q is a positive-definite state weighting matrix, and R 
is a positive definite control weighting matrix. The selection of Q and R play a key role in the 
coordination of the linear and nonlinear controllers and will be discussed in later sections. 

It is assumed in section 4.1 that the power system is controllable using FACTS devices. 
In the linear system(4.41), it is assumed that the rank of the matrix [B, AB, A2B, An-113] = n, 

where n = 2(nG-1). The minimization of (4.42) thus leads to the familiar Ricatti equations, which 
can be solved to yield the linear feedback controller [74]: 

http:system(4.41
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Uk = F il)(k (4.43) 

where F is a constant feedback matrix of dimension m x 2(nG-1). 

4.5.2 Discussion on Local Stability 

The controller (4.43) is guaranteed to stabilize the system (4.41) and minimize (4.42), by 

virtue of the design method [74]. It can be shown that if (4.43) stabilizes (4.41), then the 
controller 

uk = F(Xk Xs) (4.44) 

stabilizes the power system (4.33) in a small neighborhood of the post-fault equilibrium, but this 
region could be too conservative for application to large faults on power systems. 

The coordinated control policy is intended to take advantage of the ability of the 
nonlinear predictive controller to return the power system states to a region where such linear 
controllers can provide guaranteed stabilization and rapid damping. 

In the context of telemeter measurements from remote generating units and complicated 

control algorithms, it will be necessary to study the local stability of the power system using the 
LQR, when (i) the measurements are not synchronous, and (ii) when there is delay in the 
implementation of the control (e.g., delays associated with computation of the control algorithm 
+ time-constants of the TCSC device). 

At the outset it is noted that the problem of asynchronous measurements might be 
avoided by using a reduced-order state estimator [74] to estimate the unavailable states. 
Nevertheless, a local stability result may be used to study stability in such cases. Let the state 
vector be composed of measurements involving integer delays, e.g., 

Xk = [XT1,k, XT2,k-19-3XT(nG-1),k-n-l] T 
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Let the controller gain matrix be decomposed accordingly (using zeros and gain values 
appropriately) as 

-F1AXk F2A,Ck-1 --FnAXk-n-1 (4.45) 

which results in the linear feedback system 

= (A BFI) AXk BF2 AXk_i -. BFn AXk-n-1 (4.46) 

Note that the delayed control implementation can also be put in a similar framework. An 
augmented system can be set up by introducing additional 2n(nG-1) lagged state measurements. 
An augmented state-vector can be defined as follows: 

A vme r A v-T A IrT A v-T A vT  
k+1 b Lux k-19 k-2, 5 k-n-11 (4.47)  

The closed-loop augmented state system can now be expressed as 

AX k +1 = Am X7X1c (4.48) 

where the matrix e is defined as follows: 

-BF2 -BFn- 
I 0 0  

= 0 I 0  (4.49) 

0 0 I 

If the augmented-system matrix e has all its eigenvalues with modulus strictly less than 

1, then the augmented-system (4.48) is stable, and this in turn implies that the system (4.41) with 
delayed-measurements feedback (4.45) is stable. It may be noted however, that the tradeoff is in 
the magnitude of the control to achieve stability. 
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4.6 Coordination of the Linear and Nonlinear Controllers 

As discussed earlier, it is desired to use the nonlinear predictive controller with a low 
prediction-horizon when the post-fault initial conditions are large. When the states enter a 
neighborhood of the origin under the action of this controller, it is desired to use the linear 
controller to provide rapid damping. Various methods may be used to develop the coordinated 
control policy. A few policies are discussed below. 

4.6.1 A Fixed Policy 

In this policy, the nonlinear controller is activated at t=0, and after a fixed interval of 
time t > T, the nonlinear predictive controller is switched off, and the linear controller switched 

on. The switching time T can be selected off-line, following contingency evaluation studies, and 

is the time in which it is guaranteed that the power system states enter a neighborhood of the 
post-fault equilibrium, under the action of the nonlinear predictive controller. 

Let 3 = [ 51, 52, ....,3n I be a class of contingencies for which the nonlinear predictive 

controller is pressed into service. Let lZ (Xs) c 912(1G-1) be a neighborhood of the post-fault 
equilibrium Xs where the LQR is guaranteed to provide local stabilization. Let T1, T2,...,Tr, be the 

times required for the states X to enter lZ (Xs), for each of the contingencies in class 3 
respectively. Then we can select T=T3 as 

= Max { }, i=1,..,n (4.50) 

4.6.2 A Refined Fixed Policy 

There is no guarantee that the previous policy will work for contingencies outside 3. In 
this context, it is more reliable to use an indicator function to switch between controllers. Let 

912(nG-1)there exist a function V(X) E 9i which specifies the region of stability ALQR(XS) C 



82 

provided by the LQR on the nonlinear power system, such that dV(X)/dt < 0 in ALQR(XS), and is 

zero or positive otherwise. The region li (Xs) c ALQR(XS). Then ALQR(XS) can then be used to 

switch between the controllers such that the nonlinear predictive controller operates first, and 
when X E ALQR(XS), the predictive controller is switched off and the LQR is pressed into service. 

4.6.3 A Reference - Trajectory Following Policy 

An assumption in the above policies is that the state trajectories will eventually enter the 
region ALQR(XS) under the action of the nonlinear predictive controller of the earlier section. To 

assure this result, it is necessary to ensure that all state trajectories will eventually enter ALQR(XS) 

under the action of the nonlinear predictive controller, for the class of contingencies 3. The 
nonlinear predictive controllers of section 4.3.4 can be designed to follow the output of a 
reference model (Yr in equation 4.19), such that it conducts the system into the region ALQR(XS). 

In this region, the nonlinear predictive controller can be switched off, and the LQR switched on, 

or a smooth transition could be made. An additional advantage of this scheme is that the terminal 

state equality is now the reference output at each interval of the horizon. If the initial condition of 

the reference trajectory and the power system are sufficiently close, then small prediction 
horizons may be sufficient to realize the predictive control policy. The drawback of this policy is 
the requirement of having to develop such reference trajectories for a whole range of initial 
conditions, and there is no guarantee that the trajectories emanating from initial conditions e-
distance apart in gin will remain within 6-distance for all time. 

4.6.4 A Coordinated Control Policy 

In the coordination policies discussed above, only one controller is operational at any 
given time. In this section, a control policy is presented where both controllers are assumed to 
operate at all times, such that the total control u is 

U = UL + UN 
(4.52) 
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where uL is the linear component and uN is the nonlinear component of the control. In this policy, 

the nonlinear predictive controller has information about the LQR, but the design of the LQR is 

independent of the nonlinear predictive controller. This method is developed further in this 
section. 

Let Yk = [Olio 62k, 801G.1)k]r be the output vector composed of state measurements. 

Note that the augmented output vector composed of Y'k = [YTk, YTk -1]T is the re-ordered state 

vector. By "absorbing" the linear controller (4.44) in the nonlinear system of equations (4.10)-

(4.11) (i.e., considering it as part of the plant for the optimization study), the following locally 
stable system is obtained: 

Xk.1.1 = G(Xk, Yk) (4.53) 

gc(Xk, Yk, uNk) = 0 (4.54) 

where ge is obtained by replacing uk in the equations (4.11) by 

Uk = UN Fa (Yk Ys) Fb (Yk -1 (4.55) 

Here Fa and Fb are the appropriately re-ordered segments of the feedback gain matrix. The 
modified predictive control criterion is as follows (the superscript N is dropped henceforth from 
uk) : 

M 
J(u) = Yrk-FilT V [Yk+i Yrk-Fj] + [Yk-F; Yk +j_1]T W Yk-6_11 + (p/2) u2k-6-1 } (4.56)j=i 

where V and W are diagonal positive-definite weighting matrices, and p > 0 is the penalty on 
excessive control effort. Uk+i_i E U c 91 for i e [1,M], and u = [uk, uk+1,,uk+m_1]T is the control 

vector. M is the prediction horizon selected. Yrkti is the reference trajectory for the outputs over 
the horizon. The reference trajectories can terminate at, or be kept constant close to the post-fault 
equilibrium values. 

The nonlinear predictive control methodology outlined in the earlier sections can now be 
followed to derive the coordinated-control-based nonlinear controller. It may be noted that the 
algorithms to obtain the derivatives of the model predictions with respect to the future controls 
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listed in section 4.5.4 remain the same. The auxiliary set of equations used for the solution of the 

"phasor measurements" [Vik, V2k, elk, 92k] (including their predictions) and their derivatives with 

respect to the control are augmented to include the additional terms contributed by (4.54). 

A particularly nice interpretation of the coordinated control policy results when the 
matrices V, W, weight p in (4.56) and the matrices Q and R in (4.42) are chosen appropriately. 

Note that the quadratic forms in (4.56) and (4.42) are related by a particular choice of the 
weighting matrices. The relation between the elements of V, W and Q are presented in (4.31). 
The selection of weights as specified in (4.31) results in both controllers being weighted 
similarly but pursuing different objectives (the nonlinear controller pursues a finite horizon 
policy, and the LQR pursues an infinite-horizon policy). In this context, the nonlinear predictive 

controller can be thought of as accounting for the "residual nonlinear dynamics" that is not 

accounted for by the LQR, over a finite horizon. This policy is seen to greatly enhance the region 

of stability of the power system to that offered by the LQR alone. 

4.6.5 Remark: Let the terminal reference-state belong to ALQR(XS). For sufficiently large M E N;  

let (4.56) admit a solution. Then the coordinated controller presented in section 4.6.4 stabilizes  

the power system (4.10)-(4.11).  

Proof: Given the 1 x 2(nG-1) LQR feedback gain vector F (assuming without loss of generality  

that m=1, i.e, a single TCSC controller), the region of stability ALQR(XS) is defined as follows:  

ALQR(XS) = Xo = Zco j lim IIXk X,11. 0) (4.57) 

where Xk is the solution (4.10)-(4.11) with uk = - F(Xk -XS); 

n 2and 11.11 denotes the vector norm, 11x11= I ( I xi 2), for x E 91"
=1 

Since for the given M, Xrk+M E ALQR(XS), and the minimization of (4.56) admits a solution, the 

terminal state 

Xk +M E ALQR(XS). By (4.57), lim II Xk+j Xs II = 0, proving the remark. 

http:4.10)-(4.11
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4.7 Minimization Algorithm for Constrained Control 

The cost functions (4.19) and (4.56) are quadratic in the states with control constraints. 

Algorithms for the minimization of quadratic functions are well-developed, and a number of 
options exist to obtain the numerical solution to such problems [77,87-89]. The selection of the 

algorithm for real-time applications should be motivated by the number of complitations required 

in each pass of the algorithm, the average rate of convergence, and the complexity in 
programming. Numerical gradient minimization schemes are commonly used to solve 

minimization problems that possess one or two derivatives of the criterion function. These can be 

classed broadly as first-order and second-order methods. The first-order methods require only 

one derivative of the cost function, and thus have reduced computation requirements in each pass 

of the algorithm. However, the convergence of these methods is typically slower than second-

order methods that require two derivatives of the cost-function and whose convergence is 
typically quadratic. 

The method of steepest descent is a classical gradient iteration method for minimizing 

functions on 911). Suppose that f(u) is a function with continuous first partial derivatives on 91° 

and that the initial value of the variables u(°) E 91". This method is based on the following 
property [90] : "at a given point u(()), the vector v = - Vf(e) points in the direction of most rapid 

decrease for f(u), and the rate of decrease of f(u) at um in this direction is II Vf(e)II." The 

steepest descent sequence fun with initial point le) for minimizing f(u) is given by Algorithm 
4.1. 

Algorithm 4.1 Steepest Descent 

u(Z+1) u(Z) A Vf(un (4.58) 

where X., is the value of A. 0 that minimizes the function 

Tz(x) = qu(z) vf(u(z))), 0 (4.59) 
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If fun is a steepest descent sequence for a function f(u), then for each z E N, the vector 

joining u(z) to u(z+1) is orthogonal to the vector joining u(z+1) to u(z+2) [90]. These perpendicular 

increments can be too large, i.e., there may be points v(z) between u(z) and u(z+1) where -Vf(v(z)) 

provides a better new search than Vf(u(z+1)). In this sense, the steepest descent technique provides 

slow convergence. The steepest descent method possesses the desirable feature of reducing the 

value of the function at each iteration, i.e, if Vf(e) # 0, then f(u(") < f(u(z)), a property that is 
sometimes lacking with the Newton Method [90]. 

Towards the development of an algorithm that avoids the problems inherent in the 
steepest descent method, some desirable properties may be listed. Consider the function f(u) with 

continuous first partial derivatives on 91" and a given initial point u". It is desired to produce an 
unconstrained sequence u(z) defined by the formula 

u("') = u(z) + Xz d(z), Xz > 0 (4.60) 

Given a, [3 with 0 < a < 13 < 1, it is required to select a d(z) and Xz > 0, so that the 
following four conditions are satisfied [90]: 

(i) (z+n) "(z)) whenever Vf(e)) # 0. This requirement assures that the criterion function 
value is decreased in each iteration. 

(ii) d(z)1. Vf(u4)) < 0. This condition assures that the method moves in a promising direction for 
minimization at each iteration step. 

If condition (ii) is satisfied, then the restriction 

9.(X) = f(u(z) + Xd(z) 

of f(u) to the line through the current point u(z) parallel to d(z) has the following property: 
VA0) d(Z)T W(LI(Z)) 

Hence for sufficiently small X > 0, 

f(e) + X dn = (Pz00 < 9(0) = f(u(z) 
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If condition (ii) is satisfied, and if X, > 0 is sufficiently small, then condition (i) is also 

satisfied, i.e, 

f(u(z+I)) = f(e) + e) < f(e)). 

(iii) There is a 13 with 0 <13 < 1 such that 
dzyr vnu(z+i)) dzyr vf(u(z) 

This condition is necessary to avoid slow convergence as a consequence of taking too small steps 

with X2. 

(iv) There is an a with 0 < a <13 < 1 such that 
f(iz+i)) < f(u(z)) kz dczg vf(Ll(z)) 

This condition restricts the occurrence of too large A, if it does not result in a 
corresponding large decrease in the value of f(u). 

Among the well-known first-order methods are the BFGS (Broyden-Fletcher-Goldfarb-

Shanno) method and the DFP (Davidon-Fletcher-Powell) method [75,91]. In this thesis, the DFP 

method is employed for the minimization of (4.56). The DFP method satisfies the conditions (i)-

(iv) listed above [90]. The DFP Method for unconstrained problems is given in Algorithm 4.2 

[62]: 

Algorithm 4.2 DFP Method for Unconstrained Problems 

Let g(u(z)) = Vf(u). Let Hm = I, the identity matrix. Let u(1) be the initial point. Let u(z) be the 

current point at the start of the z'th iteration. Then 

(i) Set d(z) = 11(z)g(z), the current direction of search from u(z) 

(ii) Perform a linear search to find X*, > 0, where X*, is the value of X, that minimizes 

f(u(z) + X, cl(z)).  

Set a(z) (iii) = X,d(z) 

(iv) Set u(z+1) = u(z) + :P), giving the new current point. 
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0 <cm, g(z+0>(v) Evaluate f(u(z+1) and g(z÷1), noting that g(z.") is orthogonal to ez), 

(vi)	 Set lz) = g(z+i) _ gc.)  

a(z)T (vii) Set A(z) 15(z) a(z)T 

(viii) Set B(z) H(z),ycz) iz)TH(z) iz)TH(z)y(z) 

(ix) Set I(z+1) = 11(z) + A(z) + B. 

(x) Stop when Ild(z)11 or Ilez)II and Ile II is below the chosen tolerance. 

(xi) Otherwise, increment z and return to step 1. 

The following statements are proved in [62, p.112-115] regarding the DFP method. 

(i) In the DFP method, the matrix H(z) is positive definite for all z, assuming that f is convex. This 

implies the method is stable, i.e., the value of the function f(u) is reduced in each iteration. 

(ii) Assume that f(u) is the quadratic function f(u) = 0.5uTGu + bTu + c. Then the DFP method 

possesses the property of quadratic termination with exact line-searches, if G is positive definite. 

If the function has n variables, then H(n+1) = 

In practice, the criterion functions (4.19) and (4.56) may be only locally convex. Hence it 
will be necessary to monitor the condition d(z)Tg(z) < 0, and whenever it is violated, restart the 
minimization with H=I. To assist the algorithm to take small increments in the control variables, 
at each new control cycle the results of the previously converged control variables can be taken 
as the initial conditions. 

A criticism of the DFP method is that the updates for H(z) can become numerically ill-
conditioned, leading to a loss of sign-definiteness, although theoretically it is assured to be 
positive-definite [62,90]. The Complementary DFP formula [62] is recommended as possessing 
superior numerical properties in updating H. The update equations are given by 

i(z+i) H(z)	 ez) ,y(z)T H(z) it(z) o(z)T liz)T a(z)a(z) a(z)T - -	 (4.61) 

where 
,y(z)TH(z)7(z) 7(z)T 0(z) 1 
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The equation (4.61) can be used successfully in a minimization algorithm without the 
need for an exact line search, provided that suitable step-lengths are chosen [92]. It is suggested 

that A,z be chosen so that the change in the function value Off satisfies 

/ g(z)T a(z) > (0<g« 1) (4.62) 

where a(z) = - Azitz)g(z). 

A value of X satisfying this criterion can be found by trying 

?tz = 1, w, w2,... (0 < w < 1)  

in succession. In the simulation studies in this thesis, the values recommended in [92], g =  
0.0001 and w = 0.1, have been used. For real-time implementation, important savings in  
computational effort are achieved by dispensing with the line-searches. This is however, at the  
expense of the loss of quadratic termination of the algorithm.  

Control magnitude constraints can be modeled by linear inequalities. Linear constraints 

can be included in the DFP method [92]. Active linear constraints are included by modifying the 

matrix 11(z) in such a way that these constraints are satisfied identically along the search 

direction., making HP) a suitable projection matrix. The constrained minimization procedure of 
[92] is presented next. 

Consider m linear inequality constraints 

CTu > b (4.63) 

If at the current point uw, (4.63) is satisfied, the DFP method proceeds without any 

modification. Assume that one constraint is active in (4.63) at iteration z. The linear inequality is 
replaced by the linear equality 

TC U = LIb (4.64) 

The search direction is modified as 
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d(z1) '(it) g(z) 
(4.65) 

where the suffix 1 indicates one active constraint, and 
/pi) H(z) cT H(z) / cTH(z)H(z) (4.66) 

If the current point u(z) satisfies (4.64), then any point u in the search direction d(z1) from 

u(z) will also satisfy this constraint, as required. For 
cT(u(z) 21/44(zo) cTu(z) A., CT H(z) H(z)ceTH(z) / cTH(z)c 

} 
g. 
g(z)= b X { cTH(z) cTH(z) c cT H(z) / cTH(z) 

=b 

When m linear equalities are active, the search direction is 

en) = - H(zm) g(z) (4.67) 

where H(zm) is given by 
H(zm) H(z) H(z) CT H(z) C }- CT H(z)- (4.68) 

The application of the m active constraints results in a reduction of the rank of the 
projection matrix, compared with 11(z), i.e., rank(H(zin)) = rank(H(z)) m. 

It may happen that at some later stage of the calculation, the constraint (4.64) must be 

relaxed, for it may become profitable to move the current point away from the constraint 
boundary. To decide whether it is profitable to relax a constraint, assume that q constraints are 
active and that one of them is to be relaxed. Let g(z) be the current gradient direction. Then there 

exists a q-vector L such that g(z) = C L, or 

L = { CTC }-1 CTg(z) (4.69) 

Here L can be identified as the vector of Lagrange multipliers associated with the active 

constraints. For the minimizing problem, it is desirable to relax every constraint for which the 
corresponding component of L is negative. In practice however, to reduce the computational 

effort, only the constraint corresponding to the most negative component of L is relaxed in each 
iteration. 
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Assuming that the r'th constraint is to be relaxed (out of q active constraints), the 
following projection matrix is used: 

H(w) Pq-1erCTrPq-1 CTrPq-1Cr (4.70) 

where the (n x n) projection matrix PT' is defined as 

ri TPq-1 = Cq-1 [ 4-:14 TCq -1 J 4-N-1 (4.71) 

in which the (n x (q-1)) matrix Cq_i is the matrix C with its r'th column deleted. 

Assume that the control magnitude constraints are unit, and tin., the minimum and 
maximum values of the control respectively. The control magnitude constraints can be modeled 

as follows: 

U1 Urran, -U1 J -Urnax, U2 1 Una,,, -U2 Urnin, -Um -Umax 

These inequalities can be expressed as 

CT u > b (4.72) 

where C is an M x 2M matrix, and b is an M x 1 vector. 

4.7.1 Remark Consider the minimization problem in (4.56) for the system (4.10)-(4.11) with the 

constraints (4.72). Let (X0,u), Xo E S2x, uk+0 E U be an admissible pair for the system (4.10)-

(4.11) if (4.56) admits a solution for sufficiently large M E N. The DFP algorithm with 
constraint modification with a moving horizon policy stabilizes the system (4.10)-(4.11). 

Proof: Let the reference terminal-state Xrk+M E ALQR(XS), where Xs is the post-fault equilibrium. 

The DFP method with constraint modification provides only necessary conditions. However, if 

the matrix H(Z) is positive-definite throughout each control iteration period, then the algorithm 

finds a local minimum of (4.56), in each time-step. Let the initial estimate of the control vector at 

http:4.10)-(4.11
http:4.10)-(4.11
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control-step i+1 be chosen as the converged values from the step i. Let J1 and .1;4.1 be the values of 

the cost-function at any two consecutive control-steps. Since the problem (4.56) admits a 
solution, the moving horizon policy assures Ji < J1+1. This implies that eventually the terminal 

state enters ALQR(XS). In this region, the states go to the equilibrium asymptotically. 

4.8 Summary of Algorithms 

The nonlinear predictive controller is obtained by Algorithm 4.3. In the simulation 
studies in the next section, the Complementary DFP minimization algorithm is used, along with 

inexact line searches obtained from (4.62). The steps are summarized next. 

Algorithm 4.3 Nonlinear Predictive Controller 

Inputs: Plant (4.10)-(4.11) with parameters; Control constraints; Weights V, W and p in (4.19), 

and the horizon M; Iteration limit and convergence tolerance. 

Let z be the iteration index. 

(i) At z=0, initialize the control vector u" = [uk, uk+1,,uk+m-11(0) 

(ii) At current time k, obtain the measurements Sik, i=1,...,n0-1 

(iii) Compute predictions 8,,,,j(z) over the horizon M for i=1,..,nG-1; j=1,..,M, using (4.20), 

using the auxiliary system (4.11). 

(iv) Compute the first derivatives Nik.,p (z), for i=1,..,nG-1; j=1,..,M; p=j,j+1,..,M, using 

(4.23)-4.26), and (4.11) 

(v) Compute the first derivative of the criterion function using (4.28), yielding M 

equations, nonlinear in the control. 

(vi) Use Algorithm 4.2 with 1-1(z) given by the Complementary DFP formula (4.61) 

to solve the resulting functions for u(z) using (4.19) to compute the inexact step 

lengths from (4.62). 

(vii) At each iteration of Algorithm 4.2, do steps (viii)-(x) 

(viii) If any constraint is violated, apply the appropriate constraint and replace 11(z) in 

http:4.10)-(4.11


93 

Algorithm 4.2 by the projection matrix in (4.68) 

(ix)	 Compute the vector L(z) from (4.69) 

(x)	 If any component of 1,(z) is negative, relax the appropriate constraint, and replace 

the projection matrix by (4.70). If more than one component of 14(z) is negative, 

relax the component corresponding to the most negative value of 1.(z). 

(xi)	 Increment iteration index z, and if the iteration limit is not exceeded, return to 

step (iii), till convergence of Algorithm 4.2. 

(xii)	 Output the current control uk. 

If unconstrained optimization is done, iterate between steps (iii)-(vi) only, until 
convergence. 

The algorithm for the coordinated controller is similar to the one above, except for the 
addition of the linear control component. The steps are summarized in Algorithm 4.4. 

Algorithm 4.4 Coordinated Controller 

Inputs: Plant (4.53)-(4.54) with parameters; Discrete linear system (A,B) in (4.41); Control 

constraints; Weights V, W and p in (4.56), and the horizon M; Iteration limit and convergence 
tolerance. 

Let z be the iteration index. 

(i)	 Compute Q from (4.31) and set R = p for (4.42), and compute the LQR feedback 

gains F in (4.43) from (4.42). 

(ii)	 Re-arrange the feedback gain vector indicated in (4.55) and absorb it in the system 

as indicated in (4.54). 
r.,ON ON ON L.(iii)	 At z=0, initialize the control vector u° Lu u k+ 1 111 k+M- 1 I 9 where superscript 

N indicates this is the nonlinear part of the control, as in (4.55). 

(iv)	 At current time k, obtain the measurements Sik, i=1,...,nG-1 

(v)	 Compute predictions oik+i(z) over the horizon M for i=1,..,nG-1; j=1,..,M, using (4.20) 

http:4.53)-(4.54
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and the auxiliary system (4.54) 

(vi) Compute the first derivatives 16Cijkip (4, for i=1,..,nG-1; j=1,..,M; p=j,j+1,..,M, using 

(4.23)-4.26), and (4.54) 

(vii) Compute the first derivative of the criterion function using (4.28), yielding M 

equations, nonlinear in the control. 

(viii) Use Algorithm 4.2 with I-1(z) given by the Complementary DFP formula, (4.61) 

to solve the resulting functions for u(z), using (4.56) to compute the inexact step 

lengths from (4.62). 

(ix) At each iteration of Algorithm 4.2, do steps (x)-(xii) 

(x) If any constraint is violated, apply the appropriate constraint and replace 114) in 

Algorithm 4.2 by the projection matrix in (4.68) 

(xi) Compute the vector Liz) from (4.69) 

(xii) If any component of 1,(z) is negative, relax the appropriate constraint, and replace 

the projection matrix by (4.70). If more than one component of L(Z) is negative, 

relax the component corresponding to the most negative value of L. 
(xiii) Increment iteration index z, and if the iteration limit is not exceeded, return to 

step (v), till convergence of Algorithm 4.2. 

(xiv) Output the current nonlinear control uNk. 

(xv) Coordinated control at time k is then given by (4.55). 

To compute the coordinated controller without considering control constraints, iterate 
between steps (v)-(viii) only. 

4.9 Simulation Results 

The nonlinear predictive controller and the coordinated controllers proposed in this 
chapter are evaluated for a sample multimachine power system. The very large size of 
interconnected power systems inevitably forces control system designers to approximate the 

dominant characteristics of the power system using simplified, tractable models, as outlined in 

Chapter 2. The resulting controllers are then evaluated on more complicated simulation models 

of the power system using industry-standard software for a class of contingencies, prior to actual 
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field tests. The simulation results reported in this section are at the first step of such evaluation -
i.e., the testing of controller performance on simplified simulation models of the power system, 
for a selected set of contingencies. 

The four-machine power system presented in the appendix of Chapter 2 (Fig 2.3), is used 

for the simulations in this section. This system consists of four machines and eight buses, of 
which two are large machines and the other two are small machines. A linearized analysis of the 

system reveals stable eigenvalues at the operating condition listed in the appendix of Chapter 2. 

The approximate oscillation frequencies are at 1 hz, 0.7 hz, and 0.15 hz, considering machine # 1 

as the reference machine. This system exhibits both the local mode of oscillation, and the inter-

area mode of oscillation, as outlined in Chapter 2. One issue of interest in the simulation studies 

in this section is to study the effectiveness of the controller in providing damping to both these 
modes. 

The state-space region of interest Llx can be selected as the hypercube bounded by the 
planes = 83min = 84min = -150 degrees; 82. = 83. = 84,max = 50 degrees; = (03min = (04min 

= 0.99 p.u; ohmax = (03max = (04max = 1.01 p.u. It may not be feasible to operate in steady-state in all 

of this region. However, when experiencing dynamics, the power system states may take values 

in this region, resulting in stable or unstable trajectories, i.e., the set flx is not invariant. The 
contingencies selected are a short-circuit applied for 20 cycles at the terminals of the small 
generator # 2, another applied for 3 cycles at the terminals of the large generator # 3, and the 

final contingency, applied for 10 cycles at the terminals of the small generator # 4. The state 
trajectories leave the region L-Ix for the second and third contingencies in the absence of a 
suitable feedback controller. The TCSC is assumed to provide additional compensation of ± 0.5 

p.u, around the nominal compensation value. The sampling time is assumed to be fixed at 1 ac 

cycle, i.e., 0.01667 seconds. It is assumed that measurements of the relative rotor angles 82, 63, 

and 64 are available at each sampling instant for control. The reference trajectory is kept constant 
at the post fault equilibrium value. 

The quadratic function weights in (4.19) are selected thus for all simulations: v2 = 1, v3 = 

1, v4 = 10, w2 = 100, w3 = 100, w4 = 100, and p = 0.025. Here v,'s and wi's are the diagonal 
elements of V and W respectively, and the suffixes refer to the generators on which they act. It 
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may be noted that generator # 1 is selected as the reference machine, and is assumed non-

participating in the system dynamics. It was noted that generator # 4 was most influenced by the 
action of the TCSC for the configuration shown in Fig 2.3. Imposing the weight v4 on the 
deviation of the generator output from its reference output 10 times larger than the other 
generators was found beneficial to the performance of the controller. This large weight results in 

the quadratic function according more importance to this generator when compared with the 
others. The difference of the outputs at consecutive samples (second term in the sum in (4.19)) is 
smaller than the first component of (4.19). Hence the weights in W are larger than the weights in 
V to scale the terms approximately to the same magnitude. The selection of the matrix Q for the 
LQR component of the coordinated controller is done as indicated in (4.31). The weight on the 
LQR control is also selected as 0.025. 

Algorithms 4.3 and 4.4 are used for the simulation results in this section, without special 
consideration for control constraints, other than clipping the control signal at their limits, before 
applying it to the power system. The incorporation of the additional code for applying control 
constraints imposes additional real-time computing burden in each sampling cycle. In this 
context, it is of interest to study if Algorithm 4.3 and Algorithm 4.4 excluding control constraints 

can be applied to the power system, by clipping the excessive control at their limits. It is 
observed that with large horizons, such artificial clipping of the control leads to nonconvergence 
of the algorithms. The key idea in the development of the coordinated controller for the power 
system is the ability to use nonlinear predictive controllers with low horizons in conjunction with 
linear controllers, for the stabilization of the power system following large faults. Hence, to 
prevent degradation of the algorithm, the predictive control horizon is kept fixed at the low value 
of 4, and an iteration limit of 10 is imposed on the Complementary DFP algorithm in each 
sampling cycle. It may be noted however, that there is room for the improvement of the results 
presented in this section, with the incorporation of control constraints as indicated in Algorithms 
4.3 and 4.4, and by raising the iteration limit to larger values. 

The simulation results address the following issues: (i) does the nonlinear predictive 
controller with horizon fixed at 4, obtained with Algorithm 4.2 stabilize the multimachine power 
system for the selected contingencies ? (ii) does the nonlinear predictive controller improve the 
damping of the local and inter-area modes ? (iii) does the coordinated controller stabilize the 
power system for the selected list of contingencies ? (iv) does the coordinated controller provide 



97 

better local damping than that provided by the nonlinear predictive controller acting alone ? 

These questions are addressed by applying the controller on the classical model of the 
multimachine power system presented in Chapter 2. 

4.9.1 Performance of the Nonlinear Predictive Controller 

Figures 4.1-4.2 show the response of the power system to the first contingency, a short-

circuit persisting for 20 cycles at the terminals of generator # 2. The response without control is 

seen to be stable, but poorly damped. The dominant component of the oscillation is observed to 

be the local mode. Due to the relatively small size of this generator in comparison with the 
others, the effect of this fault on the other generators is small. The nonlinear predictive controller 

obtained using Algorithm 4.3 without control constraints is seen to reduce the magnitude of the 

speed swings of generators 2 and 4 in Fig.4.2, especially that of generator # 4. However, it can be 

noticed that the damping of the heavy generator # 3 becomes worse. Such behavior is not unusual 

in power system control, where it has been noticed that the damping of local modes is usually at 

the expense of worse inter-area modes. This simulation result indicates that the nonlinear 
predictive controller is capable of providing damping to the local mode of oscillation. 

Figures 4.3-4.4 show the response of the power system to the second contingency, a 

short-circuit persisting for 3 cycles at the terminals of the heavy generator # 3. In this case, the 

response without control is observed to be unstable, i.e., the states eventually leave the region 

Slx. The nonlinear predictive controller is observed to stabilize the system. The generators # 3 

and 4 show good damping of the speed and angle in the first few swings, whereas the generator # 

2 experiences poorly damped oscillations. This simulation indicates that the nonlinear predictive 

controller is capable of stabilizing the power system following large faults. However, the speed 

swings are not well damped in the neighborhood of the equilibrium. 

Figures 4.5-4.6 show the response of the power system to the third contingency, a short-

circuit persisting for 10 cycles at the terminals of generator # 4. Again, the response can be 

observed to be unstable without control. The nonlinear predictive controller stabilizes the power 

system following this contingency also. The angles and speeds of generators # 2 and 3 show 
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good damping in the first few swings. The generator # 2 experiences poorly damped oscillations. 

Again, in a small neighborhood of the equilibrium, the damping is observed to be poor for all 
generators. This simulation also indicates the effectiveness of the nonlinear predictive controller 

in stabilizing the power system following a large fault. 

These results bring out the following properties associated with the nonlinear predictive 

controller: (i) The nonlinear predictive controller is capable of stabilizing the power system 
following large faults; (ii) the controller is robust with regard to the neglected transconductances 

of the transmission system; (iii) following large faults, the damping in the first few swings of 
generator # 3 and 4 are good, except in a small region of the equilibrium, where the controller 

does not provide good damping; (iv) while both modes of oscillation, local as well as inter-area, 

can be stabilized separately, it is observed that the improvement in damping of the local mode of 

oscillation is accompanied by poor damping of the inter-area mode. It can be noted that 
Algorithm 4.3 has been used for the results in this section, without considering control 
constraints, except for clipping them artificially if they exceed their limits. This method of 
controller design is observed to be a viable option along with low prediction horizons. 

4.9.2 Performance of the Coordinated Controller 

The results presented in the section above indicate that the nonlinear predictive 
controller is capable of stabilizing the power system following large faults. However, in a 

neighborhood of the equilibrium, the damping provided by the nonlinear controller is poor, due 
to the small prediction horizon. In this section, it will be illustrated that the coordinated control 

policy overcomes this drawback of the nonlinear predictive controller. In this section, Algorithm 

4.4 is used without any special consideration for control constraints, to obtaiq the coordinated 
controller. 

Figures 4.7-4.8 show the response of the power system to the first contingency, a short-
circuit persisting for 20 cycles at the terminals of generator # 2. The coordinated controller is 

observed to provide excellent damping to the generators 3 and 4, and reduce the magnitude of 
oscillations of generator # 2 compared with the case with no control. Comparing these results 
with Figures 4.1-4.2, it is clear that the local damping has been greatly improved with the 
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coordinated controller. In addition, the duty on the controller is vastly reduced, following the first 

few swings. In this case, as in the case in Figures 4.1-4.2, the generator # 3 is observed to have a 

larger first swing with the controller compared to the case without control. 

Figures 4.9-4.10 show the response of the power system to the second contingency, a 

short-circuit persisting for 3 cycles at the terminals of the heavy generator # 3. The application of 

the LQR control alone was observed to fail in stabilizing the system. The coordinated controller 

is observed to stabilize the system and to greatly improve the damping of the system. Compared 

with the similar case in Figures 4.3-4.4, it is clear that the local damping has been improved 

vastly, and in addition, the duty on the controller is reduced significantly. This simulation 
indicates the superiority of the coordinated controller, when compared with the nonlinear 
predictive controller, or the LQR acting alone on the system. The LQR fails in stabilizing the 

system following this fault (this is with the current selection of Q and R; the LQR may stabilize 

the system for a different selection of Q and R weights), whereas the nonlinear predictive 

controller stabilizes the system, but provides poor local damping. The coordinated policy is seen 

to build on the strengths of both controllers, and avoid their drawbacks. 

Figures 4.11-4.12 show the response of the power system to the third contingency, a 

short-circuit persisting for 10 cycles at the terminals of generator # 4. Again, the coordinated 

controller is observed to stabilize the power system, and to improve the local damping more than 

in Figures 4.5-4.6, obtained with the nonlinear predictive control alone. Generator # 2 continues 

to show poor local damping, but with reduced magnitude compared with Figures 4.5-4.6. This is 

ascribed to the fact that there are dynamics (contributed by the transconductance terms and the 

cosines of the differences in relative rotor angles) in the simulation model, which are neglected 

in the design of the controller. There is room for the improvement of performance of the LQR to 

account for such neglected dynamics [86]. 

The simulations in this section bring out the following properties associated with the 

coordinated controller: (i) The coordinated controller is capable of stabilizing the power system 

following large faults; (ii) the controller is robust with regard to the neglected transconductances 

of the transmission system in terms of stabilization, but in terms of performance, there is scope 

for improvement; (iii) as in the case with the nonlinear predictive controller, it is observed that 

http:4.11-4.12
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the improvement in damping of the local mode of oscillation is accompanied by poor damping of 

the inter-area mode. 

4.10 Concluding Remarks 

In this chapter, a framework is proposed for the development of nonlinear predictive 

controllers for power systems equipped with thyristor-controlled series capacitors as the control 

devices. A new nonlinear predictive controller and a coordinated controller are proposed for 

power systems subjected to large disturbances. Detailed algorithms are presented for the 
development of these controllers. Several simulation results are included on a sample 
multimachine power system to illustrate the effectiveness of the proposed control strategies in 

stabilizing and damping the power system following large disturbances. 

When the faults of concern are large, there is no guarantee that open-loop remedial 

measures can stabilize the power system. Linear controllers provide asymptotic stability in a 

conservative region about the post-fault equilibrium, which may not be suitable for large initial 

conditions. In this context, a nonlinear predictive controller is proposed to stabilize multimachine 

power systems following large faults, using the TCSC device. A drawback of nonlinear 
predictive control schemes in general, is the need to have large prediction horizon necessary to 
guarantee stabilization. This can become computation-intensive, prohibiting real-time 

implementation. In this context, a coordinated control policy is presented in this thesis. The 
coordinated control policy consists of the nonlinear predictive control-loop around a locally 
stabilized power system. With relatively small prediction horizons, the nonlinear predictive 
controller returns the power system states to a neighborhood of the post-fault equilibrium, for a 

class of contingencies. In this region, asymptotic stability is provided by the linear controller. 

The coordinated control policy builds on the strengths of the linear and nonlinear controllers, and 

avoids their drawbacks. Methods of coordinating the linear and nonlinear controllers are 

discussed. The design method can be extended to any number of machines and for multiple 
TCSC controllers. 
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A drawback of the present scheme is that while the nonlinear predictive controller has 

knowledge of the LQR control action over the horizon, the design of the LQR is independent of 

the nonlinear predictive controller. Although many simulations for various faults have yielded 

stable performance, there is no guarantee that the LQR will not cross-talk with the nonlinear 

predictive controller. Towards offsetting this problem, the design of the LQR can be made 
performance-robust [86, 93]. Robustness enhancing measures can be beneficial for other 
neglected dynamics in the power system, such as the terms contributed by the non-zero 
transconductances, and higher order terms from turbine-governor and automatic voltage regulator 

dynamics. Another possibility is the implementation of the policies in sections 4.6.1-4.6.3, where 

in a region about the post-fault equilibrium, the nonlinear controller is retired and the linear 
controller is activated. 

Power systems are subject to a variety of operating conditions. There is considerable 

uncertainty in the parameters of such systems. In this context, the next chapter of this thesis 

presents self-tuning control strategies for power systems. 



102 

-20 
cn 
a)
a) 
a)
a) 40 

20 
(.1)
a)
2a)a) 40 

c.i.
* 
a) 60 
15c< 

CM 

a) 60 
73)c< 

a 80 cc'TD 80 

0 5 
Time in seconds 

10 0 5 
Time in seconds 

10 

20 
u)
a)
a) 
a)a) 40 

-cs

4 

0.6 

0.4 

0 60 
t7s)c< 
ccT) 80 

0° 0.2 

0.4 i 

0 5 
Time in seconds 

10 0 5 
Time in seconds 

10 

Strong Line: Response with nonlinear predictive controller (horizon = 4). 
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Fig. 4.1 Response of relative rotor angles 5 of a sample 4-machine power system to a short-circuit 
fault applied for 20 cycles at the terminals of generator # 2, with and without the predictive 
controller. 
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fault applied for 20 cycles at the terminals of generator # 2, with and without the coordinated 
controllers. 
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Chapter 5  
Self-Tuning Control  

5.1 Introduction 

The control methods presented in earlier chapters are based on fixed-parameters, 
assuming that the parameters of the power system model are known and do not change over a 
period of time. This is however not the case in practice, since power systems are subject to a 
variety of operating condition changes, due to the continual shifts in generation to meet varying 

loads. Power system loads vary complicatedly in the aggregate, and contribute to considerable 
uncertainty in the power system reference models. Due to line switching following 
contingencies, there are changes in the system structure and uncertainties in the parameters of the 

transmission system. When the lines are heavily loaded, the characteristics of the lines change 

due to heating and thus contribute to uncertainties in the transmission model. There are seasonal 
changes in the power flow patterns in large interconnected systems which can change the 
dynamic profile. Considering all these vagaries of power system operation, there is merit in 
moving away from fixed parameter controllers to those based on self-tuning designs that 
continually optimize performance on the basis of measured signals from the power system. This 
chapter presents self-tuning control schemes suitable for large faults on the power system. 

The terms "adaptive control" and "self-tuning control" are used interchangeably in the 

control literature. In a historic perspective, attempts to schedule automatically the gains of auto-

pilots in the 1950s gave rise to interest in adaptive control [94]. Model-reference adaptive 
systems (MRAS) [95] was a major area of research in the USA, while self-tuning controllers 
(STC) was popular in Europe in the early 1970s [110]. There have been attempts to unify the 
schools of thought by treating MRAS and STC as belonging to the same family of adaptive 
controllers with different design choices [96]. 

There are three major components common to most MRAS and STC adaptive 
controllers. A reference model of the system under control with appropriately selected structure 
forms the basic component of the adaptive controller. At the core of the discrete-time model-
based MRAS or STC adaptive system is a recursive system identifier, which updates the 
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parameters of the reference model on the basis of the measured signals (at each sampling instant) 

from the system under control. The third component is a controller which uses the currently 

available estimates of the model parameters in the pre-specified control design algorithm to 
compute the current adaptive control. Sometimes an explicit model is not identified. Instead, the 

computations are arranged so that the parameters of the controller are identified directly by the 

identifier. This scheme is referred to as an "implicit" or a "direct" self-tuning scheme, in contrast 

to the former method which is referred to as an "explicit" or "indirect" self-tuning scheme [94, 

97]. Fig.5.1 shows a schematic of the indirect self-tuning controller. The Certainty Equivalence 

approach is used in the design of self-tuning controllers, wherein one combines a particular 

parameter identification method with any control law, using the estimates as if they were the true 

parameters for the purpose of design [97]. This chapter will be concerned with the development 

of explicit or indirect self-tuning controllers in conjunction with bilinear reference models, for 

the stabilization of power systems following large faults. Self-tuning controllers based on linear 

models of the power system have been proposed in the literature for the improvement of damping 

of power systems, following small disturbances [35, 128, 36, 37, 129]. 

Let 0 E 9V' be the chosen parametrized set for the plant. Let 4:13 E 9in' be the set of 

measurements describing the input-output behavior of the plant. Let Ek be the recursive estimator 

that estimates the parameters describing the input-output behavior, i.e., Ek : 0 x (1) -) 0. Ideally, 

there exists an element of 0, i.e., 0` E 0 (where the superscript t refers to "true" value) that 

uniquely describes the plant. In practical cases such as in power systems, there does not exist 

such a unique O. The task of the estimator then is to select a 0 E 0 that best describes the input-

output behavior "presented-up-till-now" according to some selected criterion. Let .0 c 0 , such 

that with a chosen controller uk = zk(0,y,u), where 0 E u, the system is stabilized. The function z 

is shown to explicitly depend on k to denote the fact that its arguments are discrete measurements 

of current and past values. In self-tuning control, it is desired that the estimator results in 
recursive values of 0 E 'u. This set is however, difficult to characterize if little is known about the 

system under study. In later sections, some modifications of the estimation algorithm will be 

discussed to help the estimator pick values of 0 that belong to a coarsely characterized 'u. 
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For successful system identification, a number of factors should be decided upon. Some 

of these considerations are: a) class of models; b) criteria of best fit; c) experimental conditions; 

d) estimation algorithms; e) use of a priori knowledge [97, 98]. The selection of a class of models 

is often a compromise between the model complexity and its adequacy for a given application. 

While linear model structures have been used popularly in most of the self-tuning control 
literature, in this thesis, it has been found beneficial to use bilinear model structures for the 

stabilization of power systems following large faults, using TCSC control devices. It is necessary 

to check if the selected model describes the experimental data sufficiently well. For this reason, a 

criterion of best fit is prescribed, and estimation of the model parameters is based on the 
optimization of this criterion. This criterion is often expressed as 

N 

J(9) = E gk[ek] (5.1) 
k=1 

where 'e' can be selected as the prediction error, output error, equation error, or some 
generalized error function at discrete time indexed by k E N; 'g' is some functi9n describing the 

error; 0 is a vector of parameters. 

The criterion can be based for example, on the minimization of the mean-square one-

step-ahead prediction error. Different considerations of the error structure led to the development 

of various estimation schemes. Despite the existence of various methods like least squares, 

prediction error, instrumental variables, etc., the present trend is to view identification in a 
general framework, within which most known methods are recognized as special cases, or seen 

as arising from particular choices of some "design variables" [99]. Since identification is done on 

the basis of input-output signal behavior, it is important to design experiments which subject the 

system to a rich, informative and different set of conditions in the shortest possible time. The 
design of input signals is addressed by numerous authors [99 - 101]. In closed-loop operation 

such as adaptive control, it is difficult to design such input experimental conditions, since the 

input controls the system. The consequences of using poor-quality signals in identification is 

discussed later. The use of a priori knowledge such as model order, initial values of the 
parameters, feasible range of parameter values, help in tailoring the system identification 
experiment to one's requirements. 
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Bilinear systems are a special class of nonlinear systems that are linear in the control and 

state, but jointly nonlinear [102]. Bilinear systems have been well studied in the literature, for a 

number of applications [102, 56, 103, 104]. When controlled by a variable series capacitor, the 

transmission network can be modeled as a bilinear system [45]. In addition to the bilinear terms 

contributed by the series capacitor control, the power system exhibits other nonlinearities in the 

swing equations and the automatic voltage regulator. Although not completely descriptive, the 

bilinear model offers better approximation to the nonlinear dynamics when compared with the 

approximation provided by linear models of equivalent order. A few simulation results are 

included in this thesis illustrating the beneficial effect provided by bilinear models in stabilizing 

power systems subjected to large disturbances, when compared with linear model-based 
controllers. In this chapter, bilinear self-tuning controllers are developed for power systems 

subjected to large disturbances. The coefficients of the bilinear model approximations of the 

power system are obtained using recursive system identifiers, making use of measured signals 

from the power system. Detailed algorithms are provided for system identification and self-

tuning control, along with modifications motivated by practical considerations. The bilinear self-

tuning controllers are proposed in this thesis as a first step towards the development of more 

descriptive nonlinear self-tuning controllers for the power system, using for example, the 
nonlinear reference models and control methodologies presented in Chapter 4. 

The following sections discuss bilinear system identification and design modifications 

for robust performance of the identification algorithm. In further sections, the design of bilinear 

controllers are presented for use with the identification scheme. These bilinear self-tuning 

controllers are shown to stabilize high-order power systems following a class of disturbances. 

5.2 Bilinear System Identification 

Consider a single-input, single-output bilinear system with sampled input signals { uk } 

and output signals { yk }, modeled as the following deterministic, difference equation: 

Yk = + + an Yk -n + + + bnUk-n Cl Yk-lUk-1 ....+ CnYk-nlik-n (5.2) 
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where n is the order of the system and is assumed known, and a1, bi and ci are constant, but 
unknown parameters describing the system. 

The bilinear model (5.2) is linear-in-parameters. Thus the standard recursive least 
squares estimation algorithm can be used to estimate the parameters of (5.2). For completeness, 

this section and section 5.3 presents well-developed results from self-tuning control literature, 
which are applicable to bilinear systems. 

Using a parameter vector 0 E O c 913" and a measurement vector ({) E CD C 9en, the 

model (5.2) can be written in compact form as follows: 

T  
Yk k-1 10/ (5.3)  

where 

(PTIC1 = 9Yk-n, Uk- 1 I Yk-111k- 1 ,Yk-ntik-td (5.4) 

0 = [a1,..,an, b1, c1, ,cn] T (5.5) 

The identification problem can now be posed as the estimation of the system parameters 

0, given the measurements yk and (pk_i , k=1,2,..,N. 

The least squares solution seeks to minimize the sum of the squares of the deviations 
between the measured output yk and the model predicted output, ek_i 0. 

The unexplained portion of the model, or the error is 

Ek = Yk (pTk_i 0 (5.6) 

The sum of the squares of this error over the samples N can be expressed in vector 
notation using the vectors defined below. 

YTN = [yi Y2 Y1s1] 

VN -1 = [(po (pi (pN_if 
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Then the following least criterion function is defined [97]: 

111N-1 ,JN(0) = 1/2 N 1 .T T NI 111N10H-1/2[0-00]TP01[0-00] (5.7) 

The second part of the criterion function (5.7) accounts for the initial conditions. P0 is a 

positive-definite matrix of size 3n x 3n, whose diagonal entries are selected large if the initial 
estimate of 0 = 00 is far from its true value. 

Minimizing (5.7) with respect to 0 gives 

-WTN-1 [ YN WN-1 0 [ -F P01 [ 0 00 ] = 0 

i.e., [ NIN-11.111N-1 + Po 1 1 0 = Po-1 00 + 4N
-1T 

YN 

Solving for 0, the following equation is obtained: 

ON = PN-1 [P0-1 00 + WN-1T YN] (5.8) 

where PN_I is the following 3n x 3n matrix: 

T 11 
PN-1 = [ WN-1 'N-1 + 141 ] (5.9) 

Considering the addition of a new measurement vector, the matrix PN.1 can be expressed as 
follows: 

-1 r, -1 T 
1-N-1 = 1-N-2 WN-1 TN-1 (5.10) 

From (5.6), the latest output measurement can be isolated, giving  

ON = PN-1 [P01 00 + WN-2T YN-1+ (PN-1 YN]  

Using (5.8),  

ON = PN-1 [ PN-21 ON-1 + 9N-1 YN [ 

Using (5.10), 

ON = PN-1 [ PN-1 1 9N-19N-1T1 ON-1 + PN-1 (PN-1 YN 
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i.e, 

ON = ON-1 PN-1 (PN-1 [ YN (PN-1 
T 

uN-1 J (5.11) 

The Matrix Inversion Lemma [97] presented below, is used to obtain the final forms of 
the recursive equations for identification. 

5.2.1 Matrix Inversion Lemma [971 

If Pk_1-1 = Pk-21 + (Pk-1 (Pk-1T, then Pk_i is related to Pk..2 via 
r TPk-1 = Pk-2 Pk-2 (Pk-1 Wk-1 k-2 I. 1 + (Pk-1 Pk -2 (Pk-1 (5.12) 

Also, 

Pk-1 (Pk-1 = Pk-2 (Pk-1 / [ 1 + (Pk-1T Pk-2 (Pk-1 I (5.13) 

Using (5.13) in (5.11), the recursive least squares parameter estimation algorithm is obtained. 

Algorithm 5.1 Recursive Least Squares (RLS) Identification for Bilinear Systems 

Consider the bilinear model (5.3) with the measurement vector and parameter vector defined in 

(5.4) and (5.5) respectively. Let the initial parameter estimates 00 and the initial matrix P., be 
specified (at k = 1). At sampling time k > 1, let the output measurement yk be available from the 
power system. Then the k'th update of the parameter vector is given by 

0k = 0k-1 { Pk-2 (Pk-1 [ (1.1-1 
T 

1-k-2 (Pk-1 J 
r 

Yk (Pk -1T 0k-1 J (5.14) 
, n,,Pk-1 = Pk-2 - Pk-2 (Pk-1 (Pk -1T /[ k-2 (Pk-1 I (5.15)k-2 11 Ak-1 (Pk-1T 

The term 71.k_i refers to the so-called "forgetting-factor", used to weight the newer 

measurements more and de-emphasize the older ones in the RLS algorithm [100]. The forgetting 

factor can be selected to yield "directional-forgetting" for example through exponential 
forgetting factors, or be made to depend in some way on the process dynamics [105], such that 
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when the prediction error is large, the forgetting factor is small, and when the prediction error is 
small, the forgetting factor is one. This factor is normally selected as 0 < X < 1. 

An implicit assumption made in the minimization of (5.7) is that the control signal which 

appears in q (and thus in w) is independent of the parameter vector 0. In the context of self-

tuning control, the control signal depends on the currently estimated parameters, i.e., uk = 
z(0k,yk,uk-1), where z is a function involving the model (5.3) and the control equations. It can be 

noted that the recursive equations (5.14)-(5.15) have 3n and 3n(3n+1)/2 (since the matrix P is 
symmetric) discrete difference equations respectively. The 3n-equations in (5.14) are multiplied 
by the plant output. The controller uk applied on the power system is a function of the estimates 

Ok. Thus the overall adaptive system has interconnected dynamics (including the identifier, 
controller and the power system). The Certainty Equivalence approach can thus be used 
successfully if the identification transients contributed by (5.14)-(5.15) are widely separated from 
the power system and control transients. One approach in this respect is to slow down the 
identification transients by using modified algorithms, a scheme referred to as slow adaptation in 

the literature [94]. Thus making use of good initial parameter estimates and slow adaptation, a 
simple bilinear self-tuning controller can be developed. The current trends in the adaptive control 

literature is to develop alternative interpretations of the Certainty Equivalence approach, that 
allow adaptive control in the presence of unmodeled dynamics (i.e., there is no "true" model 
parameter set) [106]. 

The recursive least-squares algorithm possesses rapid convergence properties (assuming 
the signals in (Pk are bounded). When the prediction error as defined in (5.16) goes to zero for all 
k in (5.14), the parameter estimates do not change with k, i.e., the dynamical equations in (5.14) 
are at an equilibrium. The basic convergence properties of the algorithm are listed in Lemma 
5.2.2. 

Let the prediction error be defined as follows:  

ek = Yk ck-1T Ok-1 (5.16)  

http:5.14)-(5.15
http:5.14)-(5.15
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Let Ot be the "true" parameter vector (constant values), so that the error in parameter estimation 

at time k-1 is defined as 

eek-1 = ek-1 et	 (5.17) 

5.2.2 Lemma Convergence Properties of RLS [971 

The following properties hold for Algorithm 5.1, with the forgetting factor set to 1. 

i) II 9k - 0`112 5x1 II % - 0`112; k ?_ 1	 (5.18) 

where K1 = condition number of P_Cl, Xmax[P-1-1] /knin[P-1-1], and X[P] is an eigenvalue of P. 

N 

ii)	 lim E ek2 / [1 + (Pk-1T Pk-2 (Pk-11 < (5.19)
N > k=1 

and this implies 

(a)	 lirn ek2 / [ 1 + (Pk -1T (Pk-1 11/2 = 0 (5.20)k > 

where x2= A,,,,,[P_I-1] 

2 r	 1b)	 lim I (pk..1T lap
k-2 (Pk-1 uk / L I 1- (Pk-1+ k -2 (Pk-1 (5.21)TPJ2 

N	 k=1 

N  

E ii ek - ok., 112 <	 (5.22) 
N	 k=1 

d)	 lim Ok 01;1112 < (5.23) 
N	 k=1 

e)	 lim II Ok Ok_j II = 0 for any finite j (5.24) 
k 

Proof: [97, p.60]. 
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The convergence of the algorithm relies on the existence of a non-negative, non-
increasing function Vk, defined by 

Vk = OekPk_Cleek (5.25) 

where Oe is defined in (5.17). 

From the Matrix Inversion Lemma, 

k-1 

Pk-1-1 = P_1 -1 + (Pi (PT (5.26)
1=0 

Thus the error in the parameter estimates eek will converge to zero, provided that 

rim Alun[Pk-1-1] = 00 (5.27)
k 

The condition in (5.27) is guaranteed, provided that 

k-1 
T]lim xmin[ Eq.); = (5.28)

k -400 1=0 

The condition in (5.28) is referred to as the persistency of excitation condition [97, 107]. 

From (5.4), it can be noted that cp is composed of output and input terms and their product terms. 

Since the output terms come from the power system (that is being stabilized), the designer has no 
freedom to choose it at will. Similarly, in closed-loop operation, the control is designed to 
stabilize the power system and is some function of the output. Thus it is difficult to guarantee the 

condition (5.28) in closed-loop operation of the power system. In this thesis, the RLS algorithm 
will be modified suitably to assure positive-definiteness of the matrix P at all times, and to 
ensure bounded signals in (p. In the context of linear-model based self-tuning controllers, 
provided that the linear model is stably-invertible, the RLS algorithm is shown to be globally 
convergent in [124]. 
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5.3 Design Modifications for the RLS Algorithm 

As listed above, design modifications are necessary to assure stable operation of the RLS 

identifier in closed-loop operation. Many such modifications have been proposed in the 
literature. These modifications assure (i) positive-definiteness of the matrix P; (ii) boundedness 
of the closed-loop signals. 

5.3.1 Square-Root Filtering 

The updating of the matrix P as indicated in (5.15) may result in poor numerical 
properties, especially when the magnitude of the signals become small. As mentioned earlier, it is 

essential that P remain positive definite at all times to ensure convergence of the parameter 

estimates. This can be assured by forcing P = QQT, where Q is a matrix square-root of P. An 
algorithm can then be devised to update Q directly. The following is Potter's Square-root 
Algorithm to update P [99, 108]. 

Initialize at time step k = 0, RI = Q_IQ.IT 

At time step k > 0, update Qk_i by steps 1-6 

1. Fk = 41-iT (Pk 

2.13k = kk + FkT Fk 

3.14 = 1/ [Pk + *PkX-k) 

4. ak = Qk-I Fk 

5. Qk = [Qk-1 Ilk ilk FkT ] / Ak 
6. Lk = nk / Ok  

The parameter vector is then updated as  

Ok = Ok-i + Lk [ yk - ck_IT Ok-1 [ (5.29) 

The vector L is a gain vector which scales the prediction error to yield the correction in 
the parameter estimates. 
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5.3.2 Regularization of the Algorithm 

During periods when the closed-loop signals are not persistently exciting and are small in 

magnitude, there is a danger that the matrix P can diverge, ultimately leading to divergence of the 

parameter estimates. Hence it is necessary to keep a software check on the algorithm by 
monitoring the trace of the matrix P (or Q). If the trace builds larger than some pre-selected 

bound, than the matrix P (or Q) can be reset to P.1 (or Q_,) = aI, where a > 0 is some preselected 

scalar and I is the identity matrix. 

A second scenario exists when using the RLS algorithm. The RLS algorithm normally 

converges rapidly, in a few steps. Following convergence, the gain of the algorithm falls to a 

small value, and the algorithm loses its ability to track parameter changes. The vitality of the 

algorithm can be ensured by keeping the matrix P bounded away from some small pre-selected 

value. Hence the matrix P or Q is reset as P.1 (or Q_I) = aI, if [97] 

trace(T) < Km;,, or trace (T) > Kff,a, where T = P or Q  

0 < Knin trace(T) < Kmax < oo (5.30)  

5.3.3 Implementation of Estimation Deadzones 

When the recursively estimated model describes the input-output data sufficiently well, 

the prediction error is small, and the corrections to the parameter estimates in (5.14) will be 

small. In the adaptive controller however, the closed-loop signals may not be small, since the 

control-time-constants can be large. With a non-zero measurement vector, the matrix P can drift 

as indicated by the update equation (5.15). In addition, divergence of P may occur if the signal 

magnitudes are small for extended periods of operation, as mentioned in section 5.3.2. For this 

purpose, some measure of the signal strength or prediction error is monitored, and when the 

measure falls below some preset bound, the estimation may be switched off, and switched on 

again after the measure increases above the preset level [97]. The RLS algorithm gets modified 

with the deadzone as follows: 
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ek = Oki + DLk [ Yk Yk -1T 19,k-1 J (5.31) 

Step 5 of the Square-root filtering algorithm gets modified as follows: 

Qk = [Qk-1 D nk FkI ] 4Xk (5.32) 

where D is the deadzone to switch off the adaptation. In this thesis, D is selected as follows: 

D= 1, if I ek I I Ek A.k I > E 

D = 0, otherwise (5.33) 

Here c > 0 is a preselected constant and ek is the prediction error (5.16). Ek is defined as follows: 

Ek = + Tk-2 9k-1, where T = P or Q (5.34) 

The significance of the selection (5.33) is as follow: (a) if the prediction error tends to a 
very small quantity, then the estimation must be switched off; however, to prevent spurious 

switching, it is multiplied by the second term, which is normally large during transients; (b) if the 

algorithm enters a quiescent operating zone, then the second term in (5.33) is small and the 
identifier must be switched off; however, if the prediction error is large, then the identifier 
should not be switched off. The above selection has been found to result in fairly conservative 

deadzones in power system simulations in this thesis. 

5.3.4 Implementation of Constrained Parameter Estimation 

The working signals of the power system used in the identifier may not always be rich 
enough for good convergence. In the event of poor quality signals, the parameter estimates could 

converge to incorrect values (which poorly describe the model). In the event that the leading 
coefficients b1 or c1 change sign during such poor convergence, the resulting positive feedback 

may destabilize the system. Hence it is critical that once proper signs of b1 and c1 are ascertained, 
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they remain defined within some admissible range. Simple parameter constraining rules could be 

devised to ensure the same [97]. This forms a coarse characterization of the parameter set u c 0, 

as discussed earlier. 

5.3.5 Implementation of Forgetting Factors 

During the normal course of operation, the power system operating conditions may 

change considerably, as the generation shifts to meet the loading requirements over the course of 

the day. With changes in real and reactive power, power system models may change 
considerably. Thus there is need to keep track of changes of slowly varying parameters. This is 

normally done in RLS based self-tuning control by incorporating forgetting factors as defined 

earlier [94, 97, 105]. In power system application, there is additional uncertainty in the system 

structure for a few instants of time during and following the clearing of large faults on the 
transmission system. This is due to the operation of the protection-gear which isolates faulted 

segments of the transmission system. If the identification were commenced at the onset of the 

fault, this could lead to large inaccuracies in the parameters when the transmission system 
changes. One way to alleviate this problem is to use a small forgetting factor when the fault is 

detected, and switch it to unity when the fault has been cleared. 

5.3.6 Implementation of Normalization 

When unmodeled dynamics (discussed further in section 5.4) appear at the output, there 

is the danger that destabilization could occur. Normalization of the closed-loop signals has the 

desirable effect of ensuring boundedness of the signals in the identifier even in the presence of 

unmodeled dynamics, thus enhancing the robustness of the self-tuning control scheme [109]. 

Normalization also has the property of reducing the gain of the adaptation loop and thus slowing 

down the adaptation rate. Prior to use in the prediction and subsequent incorporation in the 

measurement vector, the measured output signal, yk'is normalized as follows: 

Yk = Yk' ck (5.35) 
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where is a scalar function of the unsealed measurement vector (pk, and provides an estimate of 

the size of the elements of (pk. 

5.3.7 Implementation of Compensation Factors 

When making the self-tuning-control algorithm portable, it may be necessary to scale the 

final computed control signal to practical values. This can be done using a pre-selected 
compensation factor E > 0. Under-compensation using 0 < < 1 can lead to redUcing the gain of 

the overall algorithm, and is beneficial to the stability of the adaptive loop. Over-compensation 

using 1 < Lx can offer fast damping of the system, but has the potential to destabilize the 

system. By choosing an appropriate Lyapunov function and the control structure (5.36), the 

compensation factor can be selected to stabilize the system. The scaled control signal uk.i' is thus 

-7: (5.36) 

5.4 Performance of Self-tuning Control Under Non-ideal Conditions 

Ideal conditions are described as follows: the system being controlled is a discrete-time 

bilinear system of known order n, with time-invariant parameters. In addition, a good guess is 
available for the initial parameter estimates. Let uk = zk(0,y,u) be the feedback controller that 
with known parameters, stabilizes the bilinear system for a class of initial conditions. Then if the 

closed-loop signals are persistently exciting as indicated in (5.28), the RLS scheme with the 
deadzone modification (5.33) is convergent and will eventually enter the deadzone and be 
switched off. During this learning period, the control transients can be large. 

Non-ideal conditions can be described as follows: (a) the order of the identifier n, need 

not be the same as the order of the plant (in power system application, n is usually much smaller 

than the order of the power system); (b) the system under control has additional nonlinearities (in 

addition to bilinear terms); (c) the closed-loop signals need not be persistently exciting; (d) it 

may be difficult to obtain a good initial guess for the parameter estimates; (e) the power system 
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description could be slowly varying with changing generation and loads, or rapidly with the 
clearing of large faults; (f) there may be bounded disturbances in the system. 

Under non-ideal conditions, self-tuning controllers and model-reference adaptive 
controllers based on linear reference-models may behave badly. Attention has been focused on 

the design of adaptive controllers that are robust under certain non-ideal conditions [111-120, 

109]. Many of the design recommendations focus on the properties of the estimation algorithm 

under non-ideal conditions, and are general enough to be extended to bilinear self-tuning control. 

Some developments in the adaptive control literature towards the design of robust adaptive 

controllers using linear reference-models is discussed next. 

In the presence of bounded disturbances, it is shown in [121] that all signals in the 
adaptive loop are globally bounded, provided the degree of persistent excitation is sufficiently 

large, and the magnitude of the excitation is sufficiently large compared to the maximum 
amplitude of the disturbances. Bounded disturbances can also be handled using an appropriately 

designed deadzone as discussed in section 5.3.3, such that the algorithm is switched off when the 

error is small compared with the size of a bounded "noise" term incorporating measurement 

noise, inaccurate modeling, round-off errors, and discretization errors. Another scheme that 

offers robustness against bounded disturbances is the constrained parameter estimation scheme 

discussed in section 5.3.4, since this results in boundedness of all signals despite the presence of 

bounded noise signals. In this case, an underlying assumption is that the controller functions as 

designed even in the presence of the bounded disturbance. Unmodeled dynamics may appear in 

the adaptive system when the order of the identifier is less than the "true" order of the plant. In 

the context of linear model-based adaptive control, it is shown in [122] that the adaptive scheme 

is robust with respect to some unmodeled dynamics, namely those which preserve the strict 
positive realness (SPR) of a certain closed-loop-error transfer function. Unmodeled dynamics can 

also be handled using properly devised normalization factors as discussed in section 5.3.6, since 

normalization makes it possible to ensure boundedness of all signals in closed-loop operation. 

The added advantage of using normalization as mentioned earlier, is that it reduces the gain of 

the identifier, and thus slows down the adaptation. However, the use of normalization factors 

different from unity usually results in a loss of performance of the control algorithm. As 
mentioned earlier, it is desirable to have a time-scale separation between the adaptation and 

control transients. Linearization and averaging of the adaptive system provides a convenient 
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method to analyze the local behavior of adaptive systems, and encompass the time-scale 
separation behavior. These methods are discussed in [123] for some non-ideal conditions in 
adaptive controllers. 

In the presence of some non-ideal conditions, some design guidelines are suggested in 
[111]: (i) keep the adaptation gain of the system small and let the adaptation proceed slowly; (ii) 

design the nominal control loop so that it is robust and approximate model-matching can be 
achieved even in the presence of unmodeled dynamics; (iii) sample the system slowly enough to 
remove the effects of unmodeled dynamics. The first suggestion forces a time-scale separation 

between the identifier and control transients. Signal normalization is capable of reducing the gain 
of the adaptation loop and thus slowing down the dynamics. Since adaptation proceeds slower 
than the plant dynamics, it is necessary to choose an initial parameter estimate such that the 
control uk = zk(0,y,u) is capable of stabilizing the power system. 

Different instability mechanisms for the adaptation loop are summarized in [112]. 
Parameter drift instability can occur in the presence of bounded disturbances or unmodeled 
dynamics, especially when the signals in the closed-loop are not persistently exciting of the 
proper order. In this context, a now-famed counter-example to adaptive control is summarized by 

[115], and was responsible for much of the introspection of adaptive controllers in the light of 
unmodeled dynamics. This example showed that when a controller designed with a lower-order 
reference model was adaptively designed to make the output of a well-damped third-order linear 
plant track a step-input, instability resulted. Parameter drift was experienced even with sinusoidal 

reference inputs. In explaining this phenomenon, [114, 116] show that the key to stable operation 
lies in the selection of a proper persistently exciting signal. When the input is a step, it is 
persistently exciting of order 1, and thus can be used to estimate only one parameter consistently. 
When it is attempted to adjust two parameters using a step-input signal, they may end up 
anywhere along a curve in the two-dimensional parameter space, and may drift due to the effect 
of disturbances and unmodeled dynamics. In the context of linear systems, it is necessary to 
concentrate the persistently exciting signal in the expected bandwidth of control operation to 

assure convergence to a relevant model. In bilinear systems the characterization of such 
persistently exciting signals for closed-loop operation is still an open question [107]. 
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In light of the discussion above, a general set of recommendations can be outlined for 
bilinear self-tuning control in power systems. 

(i) It is not practical to inject signals that are persistently exciting into operation* power systems, 

to assist in self-tuning control, since such signals can result in unacceptable quality of power and 

frequency delivered. It is preferable to use low-order bilinear reference models whose parameters 

can be assured convergent during self-tuning, with the closed-loop working signals of the power 

system. In this thesis, second-order bilinear model structures are used. The dominant components 

in the power system response following faults are contributed by the rotor speed and relative 

angle, which can be approximated as a second order system. Thus the use of second-order 
reference models is reasonable for a class of initial conditions. 

(ii) The controller can be designed by any of the generic control methods outlined in the next 

section. The control is designed to return the second-order model output to its reference values. If 

such models fit the power system input-output behavior well, it is reasonable to expect that they 

will stabilize the power system as well. The gain of these controllers can be modified by trial-
and-error using the compensation factors of section 5.3.7, to prevent the controller from de-
stabilizing higher neglected dynamics. 

(iii) Simple constraining rules can be devised to ensure that the parameter estimates are in a 
reasonable range of values, using which the system can be stabilized. 

(iv) The deadzone modification of section 5.3.3 is helpful in providing robustness against 
bounded disturbances and parameter drift instability. 

(v) The normalization modification of section 5.3.6 is helpful in slowing the adaptation rate and 
reducing the gain of the adaptation loop. 

(vi) As mentioned earlier, the power system description changes rapidly following the operation 

of protection gear, or slowly with changing generation and loads over the course of the day, or 
even seasonally. The forgetting factor modification of section 5.3.5 and the regularization 
modification of section 5.3.2 help to track the changing parameters of power system models, by 
keeping the gain of the identification algorithm bounded away from very small values. 
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With these considerations, the bilinear self-tuning controller can be developed for single-

machine and multimachine power systems. The following sections discuss the design of bilinear 

generalized predictive controllers. 

5.5 Generic Nonlinear Predictive Controllers for Multimachine Power Systems 

The predictive control methodology presented in Chapter 4 can be used to develop 
bilinear predictive controllers for the power system. In self-tuning control, however, there are 

additional considerations to take note of. Long-range predictive controllers such as the ones 
developed in Chapter 4 can yield good control performance in the power system, provided the 

parameters of the model describing the system are known accurately. In the self-tuning mode, 

however, there is initially some uncertainty regarding the parameter values. It may be noted that 

demanding high performance based on poor models may lead to bad control policies. Thus the 

use of large prediction horizons when using poor initial model-parameter estimates is generally 

avoidable. This is not restrictive in power system control following large disturbances, because 

the normal remedial control-action following large disturbances is to switch in the maximum 

series-compensation (assuming that the control device is the TCSC), for some period of time 

following the clearing of the fault. Such switching is known to enhance the so-called first-swing 

stability of the power system [4]. In many simulations (presented later in this chapter), it has 

been observed that using bilinear predictive controllers with a horizon of unity, i.e., a one-step-

ahead control, with sufficiently small control weight so that the initial control clipped at the 

limits resembles a bang-bang control, is capable of enhancing the first-swing stability of the 
power system, even in self-tuning mode [45, 60, 59]. Thus self-tuning control can be initiated 

with small prediction horizons, during which the identifier builds up knowledge of the power 

system. Subsequently, the horizon can be increased with advantage in the damping of power 
swings. 

A few generic nonlinear predictive controllers are described below that can be used in 
conjunction with linear, bilinear, or more complicated nonlinear models of the power system 

(such as those presented in chapter 4). The controllers are derived by minimizing the quadratic 

criterion functions listed with respect to the independent variables (control inputs). 
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5.5.1 Weighted One-Step Predictive Output Feedback Controller 

This criterion function takes into consideration, the deviation of each machine's one-

step-ahead predicted-output from its one-step-ahead reference value. The criterion function can 

be expressed as follows: 

M 

J(uk_i) = (1/2) [ yk yrefki ]2 (1/2) pi uk-12 (5.37) 
.i=1 

Here yk,j is the predicted output of the j'th machine which is obtained via a model, for 

example, of the form appearing in (5.2), in which the control uk_i appears explicitly in the model 

equation. M = nG-1 is the number of machines in the controlled group (nG refers to the number of 

generators in the controlled group, including the reference machine). pi is a weight used to 
penalize excessive control effort. v, is the weight associated with the deviation of the j'th 
machine from its reference. The reference value of the output, yrefk is kept constant at the post-
fault equilibrium value of the output of the j'th machine. The minimization of the criterion (5.37) 

with respect to the control uk_i yields the desired predictive controller. The advantages of this 

method are: (1) the controller obtained is unique with nonlinear reference models that are affine 

in the control; (2) the control method is simple to design; (3) control magnitude constraints can 

be applied directly on the result. The disadvantage is that the one-step horizon cannot guarantee 

stabilization as discussed in Chapter 4. The weight pi can be used to yield controls that resemble 

a bang-bang control, which are beneficial in providing the power system with first-swing 

stability. In this formulation, the designer has flexibility over the choices M, pi ). 

5.5.2 Weighted One-Step Predictive Dynamic Output Feedback Controller 

The control policy presented above offers minimal leverage to the designer to tune in a 

system. An added degree of flexibility can be added to this basic controller by incorporating the 

discrete rate-of-change of the output terms in the criterion function. It was illusirated in Chapter 

3 that in conjunction with relative rotor angle measurements, it is desirable to have the rate-of-
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change of the output feedback to stabilize simple power systems. The criterion function is 
expressed as follows: 

M  
J(Uk..1) = (1/2) I { 12 12 } (1/2) 2 

Yk,j Yrefk,j J -rwj L Ykj[ Yk-1j1 J 1/ z,) pi uk-1 (5.38) 
j=1 

The weight w, can be used to impose a penalty on the rate-of-change of the output of the 

j'th machine, and thus provides more flexibility to the designer, with minimal increase in the 

controller complexity. The advantages of this controller are the same as the previous one. In 

addition the controller provides more flexibility in controlling the power system. This controller 

also suffers from the same disadvantage as the previous one in having a low prediction horizon. 

In this formulation, the designer has control over the choices of { M,vi,wppi 

5.5.3 Weighted One-Step Predictive Dynamic Output Feedback "Coherencin2" Controller 

If two machines swing coherently, then approximating the coherent machines as a new 

single equivalent machine offers reduction in the scope of the control problem. Thus if machines 

could be "coaxed" to swing coherently under the action of the TCSC, one may be able to provide 

rapid, effective stabilization to the multimachine system. This option can be built into the 
criterion function as follows: 

M M M 
2 . ri411k_i) = (1/2) / { [ +Yref 1Cj [2 +wi [ Ylc,j Yk-1,j1 xit RYk,i Yref Icj) (Ykd Yref ki)12 

j=1 j.1 i=j+1 

< M 

+ (1/2) pi uk-12 (5.39) 

This formulation offers all the advantages of the previous controller. In addition, it 
provides flexibility to control machines that are amenable to swing coherently, using the weight 

x.le' The method suffers from the same disadvantages as the others in having a small prediction 

horizon. In addition, there is the danger that the control objectives may fight each other. The 

designer has control over the choices { M,vi,wi,xji,p I. 
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5.5.4 Generalized Predictive Dynamic Output Feedback "Coherencin2" Controller 

The predictive controllers discussed earlier suffer from the common disadvantage of low 

look-ahead horizon. While this is desirable in the initial stages of self-tuning control, in later 

stages, it may not be adequate to provide good damping control. The criterion functions can be 

extended to N stages as shown below: 

N M  
12 , r 12 ,J(u). E{(1/2) E { v.; Iv Yref k+i-1,j "rwj L Yk+i-1,j Yk+i-2,jJ } 1-

i=1 j=1 

M m  
E EXit [(Yk+i-leYref k+i-1,j)-(Yk+i-14 Yref k+1-1A2 (1/2) pi uk+i-22 ) (5.40)  
j =1 =j +1 

< M 

This criterion function extends over the horizon N. The control vector u = [uk_i, uk, 

Uk+1 ,Uk+N- 1 I It takes into account the terms on the rate-of-change on the output and the 

coherencing terms. The designer has control over the choices { pi }. Appropriate 

choice of these design variables can be used to tailor the algorithm to the specific system. It may 

be necessary to compromise some of the control objectives to obtain a solution to the 
minimization problem. While this method is powerful for the stabilization of the power system, it 

is numerically intensive for large N. The minimization of this function results in N nonlinear 

equations in u, which can be solved using the methods presented in Chapter 4, using control 

constraints. 

5.5.5 The MIN-MAX Controller 

The MIN -MAX controller is a generic controller which can be used to realize more 
complex control algorithms such as those discussed earlier, and efficiently handle large 
dimensions (as the number of generators considered increases) in a two-tier controller structure. 

This algorithm may be used for example, to split up the generators in a large grid into many 

smaller groups, within each of which it is feasible to exchange measurement information. 
Consider for example, K such groups. Then it is possible to design K candidate controllers for 

the actual control. The selection of the actual control from among the K candidates can be done 
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by a central processor which implements the following algorithm. This policy is thus seen to 

reduce the complexity of the control algorithms as the number of machines considered increases. 

Normally, a single TCSC may not be expected to damp many machines, but a few selected inter-

area modes. This algorithm extends the use of the TCSC to wider areas of operation in a reliable 

way. 

Consider for example, the weighted-one-step-ahead predictive control algorithm 

M 

J(uk_i) = (1/2) / vi [ yk,i Yref kj 12 + (1/2) pi Ilk-12 (5.41) 
i=1 

This criterion "shares" the series capacitor controller among the M generators at the 
same time, and works in an "overall" sense. 

A different criterion function and logic to select the controller can help in providing 

selective damping to machines requiring the controller the most at the current instant. Define M 

local one-step-ahead criterion functions as: 

Ji(uk_i) = (1/2){vi [no Yref k,i12 (P1/2) 14-12 (5.42) 

for i=1,2,..,M 

Then the minimization of each function with respect to the control signal yields M 
candidate controllers for the actual control uk.I. Let these controls be 141(.1, i=1,2,..,M. While each 

of these candidate controllers minimizes its own criterion function, it need not minimize the 
other criterion functions. In other words, a local control designed for one machine may not work 

well for other machines. To decide upon the best possible choice among the available candidate 

controllers, the cost of applying each of these controllers to the other criterion functions is 
evaluated. 

Consider the following index to decide the final controller: 
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Ci = Jjk(llik-1) (5.43) 
i=1 

Then the actual control uk., is selected as 

= (5.44) 

where u,k., is the controller yielding cost Ci, where 

Ci = Min { C1, C2, ..., CM , i=1,2,..,M (5.45) 

This control would be the best one-step-ahead "local-control" for one machine and 
would affect the other machines the least. Simulation results with the application of this 
controller with bilinear self-tuning controllers on a 4-machine example are presented in [60]. 

5.6 Two Case Studies for a Single Machine Infinite Bus Power System (SMIB) 

The weighted one-step and two-step ahead controllers are used in this thesis to illustrate 

bilinear self-tuning control in power systems. Due to the short prediction horizon, it is difficult to 

state any stabilization properties. However, the one-step-ahead controller can be shown to 

possess a contraction property under certain conditions, which can be beneficial in stabilizing the 

system under control. In this section, the two special cases will be discussed separately. 

5.6.1 Weighted One-Step-Ahead Bilinear Controller 

Consider the one-step-prediction of an n'th order bilinear model associated with the 

SMIB power system, using measurements available until time step k-1. The controller uk_i is to 

be designed. 

n 

Yk { ei (5.46) 
i=1 
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Consider the following weighted one-step-ahead control criterion 

J(uk_i) = 0.5 [Yk Yref + 0.5 pi uk_12 

where yrefk is the reference output at time k, and pi is a weight imposed on the controller. Let u E 

U c 91, where U is the set of admissible control values (e.g., range of TCSC). 

The unique extremal controller is obtained as follows: 

uk_i = Ek Yref k i bo / (pi + be) 

n n  

where Ek = E aiyk-i +{ 
i=1 1=2 

and b0 = b1 + 

The condition for a minimum can be verified by checking the sign of the second 
derivative of the criterion function, along with the extremal controller uk_i, i.e., checking whether 

d2J/duk_12 > 0. 

i.e., pi + 1302 > 0 

Since pi is always chosen > 0, this condition is always satisfied. Thus the weighted one-

step ahead controller finds a strong local minimum of the function Jk(uk.i), which in this case is 

also the global minimum. However, as far as control over the horizon is concerned, this control 

policy might not yield acceptable performance. It can be noted that when p1 = 0, i.e., no weight 

on the control, the one-step-ahead controller cancels all the dynamics of the system, and makes 

the output follow the reference output in one step. This inevitably requires large magnitudes of 

control. When the control weight is non-zero, the controller does not cancel the process 
dynamics. The behavior of the weighted one-step-ahead controller for bilinear systems is 
analyzed below. 



139 

The single-input, single-output bilinear system (5.2) can be put into state-space form as: 

Xk = AXk_i + Blik-1 + CXk-114-1 (5.47) 

Yk-1 = 117C-1 

where A is n x n, B is n x 1, C is nxn,H is 1 x n, and X E 9V. The matrices and vectors are 

defined as follows: 

al 1 0... 0 
a2 0 1... 0 

A= . . 

an_i 0 O i 
an 0 0 0 

c1 0 0... o 
c2 0 0... 0 

C = 
c.., o 0 0 
cn 0 0 0 

B = [bi b2 .... bn]T 

H = [1 0 .... 0] 

The weighted one-step-ahead criterion function can then be put in the form: 

J(uk_i) = (1/2) XkTQXk + (p /2) uk-12 (5.48) 

where Q is an nxn positive semi-definite matrix, and yref k is set to zero without loss of generality. 

Minimizing (5.49), the following control is obtained: 

uk., = - boTQAxk_i / (p + boTQb0), where 1)0 = B + CXk-i (5.49) 

The closed-loop system of (5.47) with (5.49) is obtained as 

Xk = F(Xk_i)AXk_i (5.50) 
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where 

F(xk.1) = I boboTQ/(p + boTQb0 (5.51) 

It can be shown that the n x n matrix F has n - 1 eigenvalues fixed at +1, and one mobile 

eigenvalue. Let F in (5.51) be expressed as F = I - L. Clearly, the n x n matrix L is of rank 1. 

There exists an orthogonal matrix R such than 

01 x n-1 
RTLR = a On-1 x n-1[ On_i x 

where a is the non-zero eigenvalue of the rank-1 matrix L. 

Applying this transformation to F = I L, i.e., computing RTFR, it can be seen that F has 

n-1 eigenvalues fixed at +1, and one mobile eigenvalue, 1-o, which may be shaped by a choice of 

p and Q. 

Assume that F > 0, which is satisfied if ri > 0, where ri = 1 a. Assume also that the 

discrete-system matrix A > 0 (i.e., A has all of its eigenvalues in the positive right half-plane of 

the unit-circle). Then the following bounds can be obtained for the eigenvalues of the matrix 

product, FA. From [125, p.630], 

Xnun[F] trace[A] trace [FA] A.,,, [F] trace[A] (5.52) 

Here Xmin[F] and Lx[F] refer to the minimum and maximum eigenvalue of F 
respectively. (5.52) reduces to 

11 E Xi [Al [FA] < Ai [A] (5.53) 
i=1 i=1 1 =1 

Since all the sums in (5.53) involve positive quantities (note that summing the complex 

conjugate eigenvalues of A results in cancellation of the complex parts), (5.53) implies that the 
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sum of the eigenvalues of the matrix product FA are upper-bounded by the sum of the 
eigenvalues of A. This result does not discount the possibility that one eigenvalue of FA may 

actually increase and another decrease, such that (5.53) still holds true. Consider a "nominal" Fo, 

say at some non-zero base state called Xo. The time-variations of the state from this base-state 

can be modeled as a variation in the matrix Fo, labeled AF. Let 11F0 - AF II = E. Then every 

eigenvalue of AF is within a distance E of an eigenvalue of Fo [126, p.54]. In the fortunate case 

when the spectral radius of F(Xk_i)A is <1 for all Xk_i, then the system (5.50) is stabilized. 

5.6.2 Weighted Two -Step -Ahead Controller 

The two-step-ahead controller is markedly more complicated than the one-step-ahead 

controller. An analysis of the algorithm for the two-step-horizon case assists in an understanding 

of the predictive control algorithm generalized to an N-step horizon. Again, consider the one-

step-prediction of the bilinear model (5.2) of order n, associated with the SMIB power system, 

using measurements available until time step k-1. It is expedient to express the model predictions 

explicitly, showing the independent variables in the following way: 

yk = El E2Uk_i 

Yk+17-- E3 E5uk E6UkUk-1 

where for model order n, the following hold (the case for n=1 and n=2 require redefining El, E3 

and E4, which are done separately). 

n n  

El = aiyk_i + E (biuk_i + n > 1 
i=1 i=2 

E2 =b1 + ciYk-i 

n n 

E3 = a1E1 + + E (bink-;+1 + n > 2 
1=2 1=3 
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Eq = a1E2 + b2 + c2Yk-1, ri > 1 

E5 = b1 CIE] 

E6 = c1E2 

For model order n = 1, El, E3 and E4 are redefined as: 

= alyk-i 

E3 = a1E1 

E4 = a1E2 

For model order n = 2, E3 is defined as 

n 

E3 = a1E1 + I aiYk-i+1 
1=2 

A quadratic criterion function is then prescribed for the two-step-ahead (GPC) controller 

as follows 

J(uk.i,uk) = 0.5 [ Yk vref 1(.21 + O.5[Yk +1 !ref k+1,2 -- rLuk_12 +---, k+1 v 1 0.5 (5.54) 

where yref k and yref k+1 are the reference outputs, pi is the weight imposed on the controllers, uk, 

E U c R is a set of admissible control values. 

The two-step-ahead controller is obtained by minimizing the criterion function with 

respect to uk and uk.i. While two controllers, uk_i and uk are obtained by this procedure, only the 

controller uk_i is used. The controller uk would be computed again in the next iteration. 

On setting the partial derivatives aRauk., and aRauk to zero, two equations nonlinear in 

uk and uk_i are obtained. These equations are expressed as follows: 

fi(uk..buk) = r1 + r2uk_1 + r3uk + r4ukuk_i + r5uk2 + r6uk2uk_i (5.55) 

f2(uk-buk) = Si + szuk-i + S3Uk + saukuki + s5uk-12 + s6ukuk-i 
2 (5.56) 
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where the coefficients r and s are defined as follows: 
E22 E42 

r1 (B1 Yref k)E2 (E3 Yref k+I)E4, r2 +-T- pi, r3 = E4E5 (E3 yref k+1)E6, r4 = 2E4E6, r5 = 

E5E6 r6 = E62 

Si = (E3 Yref k+1)E5, S2 = E4E5 (E3 Yref k+1)E6, S3 = pi + E52 , S4 = 2E5E6, S5 = E4E6, S6 = E62 

The equations (5.55)-(5.56) can be solved numerically, using for example, the Newton method 

given in Appendix E. 

The Newton iteration admits a solution if the initial u" is sufficiently close to the 

solution and if det(F') # 0. If all reference-model coefficients except b1 are zero, and pi = 0, (an 

extreme case that might exist while commencing self-tuning control), the determinant is non-

zero. However, it is clear that the controller is not unique (see also Remark 5.2). In addition, the 

Newton method is sensitive with respect to initial conditions. Thus, depending on the choice of 

initial conditions, different solutions may be obtained (if indeed, the method converges). 

A necessary condition for the criterion function (5.54) to be a local minimum is that the 

second variation of the criterion function with respect to the extremizing controllers be positive 

definite, i.e., the following matrix should be positive definite: 

[a2Hauk_12 a2Hauk_iuk 
>0a2j/auk2a2Haukuk_i 

It can be observed that this is equivalent to the Jacobian of the Newton method to be 

positive definite. When iteration count j > 0, for positive definiteness, the following conditions 

are required: 

r2 + r4uk + r6uk_i > 0 

and 

(r2+ r4uk+r6uk2)(s3+s4uk_i+s6uk-i2) (r3+r4uk_i+2r5uk+2r6ukuk-1) (s2+s4uk+2s5uk_1 +2s6ukuk_i) > 0 

From the definitions of the ri's, it is observed that the above inequalities can be made 

arbitrarily positive by an appropriate choice of pi which appears only in the terms r2 and s3. If at 

any stage of the iteration the above conditions for positive-definiteness are violated, then the 

http:5.55)-(5.56
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weight pi can be adjusted to maintain positive-definiteness. This assures that the controller uk -1 

will be a minimizing controller. 

Remark 5.1: For higher prediction horizons, the algorithms could become algebra-intensive. 

This can be avoided by resorting to numerical minimization. The algorithm for the case of N-step 

ahead controller is presented next. 

Remark 5.2: Assume that the coefficients ri and s1 for i E [1,6] do not go to zero during the 

iteration. Then using Bezout Theorem, the system of equations (5.6)-(5.7) have a total of 9 

solutions, assuming they do not have an infinity of solutions [127, p.34-34]. The true minimum 

of (5.54) is ascertained by evaluating (5.54) at these 9 solutions, and selecting the control that 

gives the minimal cost-function. 

5.7 Bilinear Predictive Control 

Consider the bilinear model (5.2), of order n. Consider the following predictive control 

criterion function with a horizon of N written for a single machine: 

N 

J(u) = (1/2) E [ Yk+i-1 Yref k+i-1]2 + P1 Uk+i-2
2 (5.57) 

1=1 

where u = [uk.i, uk, uk+i, Uk+N-2]1. is the vector of future controls, the design variables in the 

optimization. 

This criterion requires the predictions of the bilinear model output up to the horizon N. 

These predictions can be expressed recursively as follows: 
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Yk+i-1 = { aj Yk+i-1-j + bj Uk+i-l-j + Cj Yk+i-I-j Uk+i-l-j (5.58) 
j=1 

for i=1,2,...,N 

The predictions in (5.58) can be put in a convenient vector notation as follows: 

Yk = srbYk-1 + rUk-j + TYk-1 ° Uk-1 + D (5.59) 

where the vectors and matrices YN x 1, 1N x N, FN x N, UN x I, TN x N, and DN x j are defined as 

follows: 

Yk = [Yk, yk+i, Yk+2, , yk+N_If 

Yk-1 = [Yk-1, Yk, Yk+1, , Yk+N-21T 

= [Uk-j, Uk, Uk+1, ., Uk+N-2] 1. 

a1 0 0... 0 
a2 al 0... 0 

(1) = a3 a2 0 

0 0 O... ai 

b1 0 0... 0 
b2 b1 0... 0 

F = b3 b2 b1... 0 

O... 

C1 0 0... 0 
C2 C1 0... 0 
C3 C2 C1... 0 

0 0 O... ci 

EE (a; Yk -i + bi + Ci Yk-i Uk-i) 

D 
FE (a1 Yk -i b1 uk_i + Ci Yk-i Uk-i)

3 
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The symbol ° is used to indicate element-wise product of vectors or matrices (Hadamard 

product). The Hadamard product Yk-1 ° Uk-1 of two vectors of size N x 1 each, results in a product 

vector of size N x 1, and is defined as follows: 

Yk-1 ° Uk-1 = [Yk-lUk-1, YkUk, Yk+1Uk+1, Yk+N-lUk+N-11 
iT (5.60) 

The vectors Yk and Yk_i are vector-valued functions of the vector uk.i. The partial 

derivatives of the predictions with respect to the control variables, required for the minimization 

of (5.56) can thus be computed from (5.59) as follows: 

Ark / auk., = aYk_, auk_, + F + Yk.1 ° I +'F aYk-i / auk_. ° Uka (5.61) 

where I is the identity matrix of size N x N. 

Note that the Hadamard product of a matrix and column vector in (5.61) is defined as the 

product of each element of the i'th row of the matrix by the i'th element of the vector. 

The derivative of a vector-valued function with respect to a vector results in a matrix, 

i.e., the matrix afwapT can be treated as the outer product of the vector operator a / ap and f(p) 

where f(p) E 9111, p E 91r, yielding the matrix [af, / ap, j=1,..,n; i=1,..,r. Thus the various 

Jacobian matrices in (5.61) can be defined as follows: 

aYk auk_, ayk / auk aYk aUk+N-2 
aYk+1 auk_. ayk+. / auk ayk+I / aUk+N-2 

aYk / auk-1 = Yk+2 atik-1 aYk +2 / auk aYk+2 aUk+N-2 (5.62) 

- ayk+N_. / ayk+N_. / auk aYk+N-1Uk+N-2 

ayk..1 / allk_i ayk_. / auk ayk_. / aUk+N-2 
aYk / auk.. ayk / auk aYk aUk+N-2 

aYk-i / auk., = ayk +l / ayk+. / auk ayk+. / aUk+N-2 (5.63) 

- aYk+N-2 auk.' aYk+N-2 / auk OrYk+N-2Uk+N-2 



147 

The following points are observed from examining the elements of (5.62)-(5.63): 

1. (5.62) is a left-lower triangular matrix (due to causality), and has non-zero diagonal terms 

(necessary condition for controllability). 

2. (5.63) is a left-lower triangular matrix with the diagonal terms equal to zero (due to causality). 

The structure of (5.62)-(5.63) permits a top-down, row-by-row solution of (5.61), where 

as soon as each non-zero element of a row in (5.62) is computed, it is substituted in a 
corresponding column of (5.63), but with the row-position incremented by one. Thus all the 

required derivatives can be computed efficiently, and stored in a lower-triangular matrix of size 

N x N. The derivatives in (5.62) may be accorded the following notation: 

aj = ayk+i_i / aUk+j-2, for i=1,2,..,N; j=1,2,..,N (5.64) 

The minimization of (5.57) can now be carried out by minimizing the scalar-valued 

function J(u) with respect to the vector u, giving rise to a set of N equations, nonlinear in the 

elements of u. Consider the j'th such equation obtained by setting aJ(u) / auk+j_2= 0: 

(Yk+i-1 Yref k+i-1) aYk+i-1 allk+j-2 + Pi = 0 
i=j 

Using the notation in (5.64), this is expressed as: 

N 

(Yk+i-1 Yref k+i-1) A ij + Pi Uk+j-2 = 0 for j=1,2,..,N (5.65) 
i=j 

i.e.,  

F(u) = [f1, f2,- ,fN]T = (5.66)  

The solution to this system of equations can be attempted numerically using Algorithm 

4.2 presented in Chapter 4, using the DFP method. Control constraints can be handled similar to 

the methods in Chapter 4, as outlined in steps (viii)-(xi) of Algorithm 4.3. The algorithm is 

summarized next. 

http:5.62)-(5.63
http:5.62)-(5.63
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Algorithm 5.2 Bilinear Predictive Control for a Single Machine System 

Inputs: Coefficients of bilinear model (5.2); Horizon N; Control weight pi; Iteration limit and 

convergence tolerance. 

Let z be the iteration index. 

(i) At z=0, guess the initial control u" = [uk,i(o), uko)
,,uk+N-2"11.. 

(ii) At current time k-1, obtain the output measurement yk_i. 

(iii) Compute the predictions (5.58) or (5.59) 

(iv) Set up the various matrices and vectors in (5.59) 

(v) Compute the derivatives in (5.61) 

(vi) Compute the equations in (5.66) 

(vii) Perform one iteration of Algorithm 4.2, setting the functions g = f. 

(viii) If the Algorithm 4.2 has converged, exit and output the control. 

(ix) Else, increment the iteration index, and if the iteration limit is not exceeded, 

return to step (iii), until Algorithm 4.2 converges. 

5.8 Extensions to Multimachine Systems 

5.8.1. Predictive Control for Multimachine Systems 

The control algorithms presented in section 5.5 can be implemented with bilinear 
reference models of the multimachine power system. The reference bilinear subsystems assumed 

in this thesis does not model the interconnections between the machines explicitly. The implicit 

assumption is that the behavior of the j'th machine depends strongly on its own dynamics, and 

negligibly on the interconnection effect. This assumption reduces the dimension of the 
parameter-space for real-time identification. Modeling the interconnection terms appropriately is 

expected to improve the accuracy of the models and result in better control. 

The bilinear subsystem associated with the j'th machine is represented as follows: 
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Ylc,j = aii Yk-;,j bij Uk-i Cij Yk-;,j Uk-i (5.67) 
1=1 

for j=1,2,...,nG-1, where nG = number of machines in the controlled-group, including the 
reference machine. 

It can be noted nG-1 recursive identifiers operating in parallel are required to estimate the 

coefficients of the nG-1 models in (5.67). The predictions of the model outputs of (5.67) can be 

expressed as follows: 

Ykj = 4:1)jYk-Lj + tuk_id ° Dj j=1,2,..,nG-1 (5.68) 

The derivatives of the predicted outputs with respect to the future inputs can be 
computed and stored in nG-1 lower-triangular matrices, similar to (5.62). These derivatives can 

be computed from the following equations: 

aYk aUk..1 = (Dj aYk_ii / auk-1 + r; + W.; Yk_i ° I + /Pi ayk_IJ / auk -1 ° Uk-1 (5.69) 

The derivative of the m'th predicted output of the j'th machine, with respect to the i'th 

control can be defined as follows: 

Ai,. = aYk+m-1,j (5.70) 

Using the notation in (5.70), the minimization of the predictive criterion for the 
multimachine system indicated in (5.41) can be carried out. 

5.8.2. Recursive Least Squares Identification for Multimachine Systems 

Assuming the bilinear model-structure of (5.67), the parameter vector Oi and the 

measurement vector (pi of the j'th bilinear subsystem associated with the j'th machine can be 

defined as follows: 
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(iT
k-1j = [Yk -1,j, Yk-ni, Uk-1,-41k-n, yk-Ijilk-1 9 ,Yk-njUk-n] (5.71) 

Oj = bijbnj, C1,i, ,Cnjir (5.72) 

The recursive least squares identifier for the j'th subsystem is obtained using the 
following equations: 

T n T 
= Ok -1,j [ Pk-2j (Pk-lj [ Xk-1,j 14.1-1j k-2,1 (Pk-lj [ Yki Wk-lj 9k-1j (5.73) 

Pk-1,i = Pk-2j Pk-2j (Pk-lj (Pk-lji. Pk-2j /[ 4-1j + (Pk-ljT Pk-2j Pk -1,] (5.74) 

The design modifications discussed in section 5.3 can be applied on each of the 
identifiers, thus tailoring the algorithm to the requirements. 

The following algorithm summarizes the steps for bilinear self-tuning control in 
multimachine systems. 

Algorithm 5.3 Bilinear Self-Tuning Control of Multimachine Systems 

Inputs: Selection of nG-1 machines for control; Order n of each bilinear reference subsystem; 

Choice of control algorithm - horizon N, control weight pi, weights on the machine outputs, 

weights on the rate-of-change terms, weights on the coherencing terms; Normalization factor; 

Deadzone size; Forgetting factor; Compensation factor; Regularization parameters; Specification 

of constrained parameter set; Initial parameter estimates for nG-1 subsystems; Initial matrices P_I 

(or (II) for nG-1 subsystems. 

(i) At the current time k-1, obtain the measurements from the nG-1 machines. 

(ii) Compute the predicted outputs of the nG-1 models using (5.68) 

(iii) Compute one step of the identification using (5.73)-(5.74) 

(iv) Set up the bilinear models in (5.67) 

(v) Compute the predictions using (5.68) 

(vi) Set up all the matrices and vectors in (5.68) 

(vii) Compute the derivatives in (5.69). 

http:5.73)-(5.74
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(viii) Implement the desired minimization scheme using Algorithm 4.2; 

If control constraints are specified, perform steps (viii)-(xi) of Algorithm 4.3. 

(ix) Output the current control. 

(x) Update the vector (5.70) 

(xi) Wait for the next sample, and go to step (i). 

5.9 Simulation Results 

The detailed models of single-machine and multimachine systems presented in Chapter 2 

are used for the simulations presented in this section. The simulations address the following 

points (i) comparison of linear and bilinear models for the stabilization of a power system; (ii) 

tests to check the effectiveness of the bilinear self-tuning controller for a single-machine infinite 

bus power system; (iii) tests to check the effectiveness of the bilinear self-tuning controller on 

multimachine power systems. 

5.9.1 Comparison of Performance of Linear and Bilinear Controllers 

In this section the use of approximate low-order linear and bilinear time-series models 

for the high order nonlinear SMIB power system presented in Chapter 2 is investigated. While 

the simulated power system is modeled by 11 nonlinear differential equations (2.24)-(2.34), the 

low-order reference model approximations are of the second order. 

Using rotor angle as the measured output, the following linear, second-order, reference 

model was obtained by open-loop identification, at a sampling time of h=0.01667 seconds. Here 

u refers to the TCSC reactance. 

5k = 7.758951,4 7.763551(.2 + 0.43793uk., + 0.38096uk-2 (5.75) 

To this linear model, bilinear terms were added. The bilinear model obtained is as 

follows: 

http:2.24)-(2.34
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ok = 7.758981;4 - 7.7635k2 + 0.43793uk., + 0.38096uk_2 + 2.28k-2uk-2 (5.76) 

To have the same basis for comparison, the simple weighted one-step-ahead controller 

presented in section 5.5.1 (with M=1, i.e., a single machine), was selected with a control weight 

of pi = 0.1 for both the linear and bilinear controllers. In the first part of the simulation, the 

SMIB power system was subjected to a 7 cycle short-circuit, followed by the clearing of one of 

the transmission lines, resulting in instability in the "without control" case, as seen in Fig. 5.2. 

The linear model-based rotor angle controller was pressed into service, and can be seen to 
provide quick, rapid regulation of the power system in Fig. 5.2. For the same fault, the bilinear 

controller is seen to provide rapid regulation also as seen in Fig. 5.3 . For an 8-cycle fault 
followed by the clearing of one of the transmission lines, the linear controller fails in stabilizing 

the power system, and is observed in Fig.5.4 to bring the capacitor out of ceiling too early (thus 

resulting in instability). For the same fault, the bilinear controller was pressed into service and 

can be observed in Fig. 5.5, to provide rapid, excellent damping and regulation to the system. 

When the faults of concern are large, the system dynamics are strongly nonlinear. Linear 

models may not be able to capture the nonlinear dynamics sufficiently, as suggested by this 

simulation. The addition of bilinear terms to the linear model is observed to approximate the 

nonlinearities better, and provide excellent damping under identical conditions. This simulation 

highlights the importance of bilinear modeling (when compared with linear models) for the 

purpose of transient stability control of the power system subjected to large disturbances. It may 

be emphasized that the linear controller performs well for smaller disturbances, but deteriorates 

in performance for larger faults. 

5.9.2 Bilinear Self-Tuning Control Using Armature Current Feedback 

This section details a sample simulation performed with the armature current feedback 

using the bilinear self-tuning controller. In this simulation, a fault was applied at the generator 

terminals and was removed after 7 cycles with the removal of one of the parallel lines. Without 

control, the system is observed to be unstable in Fig.5.6. In this case, since there is one line from 
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the generator to the infinite bus in the post-contingency period, the generator armature current is 

also the line current. It is advantageous to use this signal for control using the TCSC, since the 

current can be measured locally (at the TCSC bus). The armature current shows a large transient 

following the clearing of the fault, and is not a well damped signal. It was observed that on 

armature current feedback, the TCSC would tend to come out of ceiling a bit later than the case 

observed with rotor angle in Fig.5.5. Consequently, the power system experiences oscillations for 

a longer period. Pre-filtering the signal through a lead-lag pair was observed to be advantageous 

in damping the power system. The armature current was filtered through the following filter: 

dyf/dt = [y + T1dy /dt yf ] / T2 (5.77) 

where yf is the filtered armature current, y is the unfiltered armature current, Ti = 0.2 seconds 

and T2 = 0.05 seconds. 

The sampling time is selected as 0.01667 seconds, i.e., 1 ac cycle. Selecting a second-

order bilinear structure, the initial parameter estimates were selected as 00 = [0,0,1,0,-1.5,0]r. 

The parameters were constrained so that b1 E [0.1,2] and c1 E [-3,-0.1]. The initial matrix Q was 

selected as Q.1 = 21, after observing that the armature current signal possessed a large range (i.e., 

it varies between 0.5 to over 2.0 in normalized terms, and thus has a large range). Choosing the 

matrix Q as a small initial matrix would restrict the gain of the adaptive loop. The normalization 

factor was selected as unity. The bilinear generalized predictive controller was selected with a 

horizon N=2. The controller weight pi was set to 6. This was done by trial and error to preserve 

the positive-definiteness of the Hessian of the cost-function for the class of faults with fault-

clearing times ranging from 1 to 7 cycles. It was observed that the resulting adaptive controller 

had high-gain, and was sensitive to small variations in the output. Hence the compensation factor 

was selected as 0.5 to de-sensitize the algorithm. The deadzone factor E was selected as 0.0001. 

The self-tuning controller initialized thus is observed in Fig.5.6 to stabilize the power 

system, and damp the oscillations in the armature-current within 2 seconds. The TCSC settles to 

a small steady-state value, off from its equilibrium. This is attributed to a biased reference model. 

Such steady-state control error was also observed in Chapter 3, when using incorrect reference 

models to design nonlinear controllers. The terminal voltage is observed to recover rapidly, and 

almost attains its equilibrium in 1 second. 
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The convergence of the parameter estimates are shown in Fig 5.7. The parameters a1 and 

a2 are observed to start from zero and converge within 1.5 seconds. The parameters b1 and c1 are 

observed to remain within the imposed constraints. The parameters are observed to admit large 

identification transients initially, then converge rapidly. The trace of the matrix Q is observed to 

converge from 12 to less than 4 rapidly. 

5.9.3 Bilinear Self-Tuning Control Using Rotor Speed Feedback 

This simulation illustrates the effectiveness of the rotor speed feedback for the 
stabilization of the power system. The fault-case studied is the same as the previous one. 

In this case also, a second-order bilinear model was selected with the initial parameter 

estimates selected as 00 = [0,0,1,0,-1.5,0]T. The parameters were constrained similarly, so that 

b1 E [0.1,2] and c1 E [-3,-0.1]. In this case the initial matrix Q was selected as Q.1 = 10011, after 

observing that the rotor speed possessed a small range (it varies between 0.99 to under 1.02 in 

normalized terms). Choosing the matrix Q as a large initial matrix increases the gain of the 

adaptive loop so that adaptation does not proceed too slowly. The normalization factor was 
selected as unity. The bilinear generalized predictive controller was selected with a horizon N=2. 

The controller weight pi was set to 0.025. The compensation factor was selected as 10 to scale 

the control signal to the proper range. The deadzone factor E was selected as 0.0001. 

The self-tuning controller initialized thus is observed in Fig.5.8 to stabilize the power 

system, and damp the oscillations in the rotor speed within 2 seconds. The self-tuning controller 

causes the rotor speed to settle to slightly below the synchronous speed, thus causing a 
monotonic decrease in the rotor angle. In this case also, the TCSC has a slight off-set from its 

reference value. Due to the slow decay of the rotor angle transient, the recovery of the terminal 

voltage is slow, and it almost attains its reference value in about 2 seconds. The convergence of 

the parameter estimates for this case are shown in Fig 5.9. The parameters are observed to 

converge rapidly. 
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Self-tuning control using the rotor speed was observed to stabilize the system under more 

extreme conditions, in which the output measurement was delayed by one sample to mimic 
telemetry-delay and the computed controller was delayed by a further one sample, to mimic 
computation delay [45]. The control performance deteriorates slightly, but as observed to still 

yield monotonic damping of the rotor angle. 

5.9.4 Bilinear Self-Tuning Control of a 4-Machine System Using Relative Angle Feedback 

The detailed model of the multimachine system presented in Chapter 2, for the network 

shown in Fig.2.3 is used in this section to test the performance of low-order bilinear self-tuning 

controllers to stabilize multimachine power systems. The overall system is modeled by forty-four 

nonlinear differential equations. The contingency selected is a two-cycle short-circuit at the 

terminals of the generator bus # 4, resulting in unstable oscillations in all the machines 
(Figs.5.10-5.11). 

At a sampling time of 0.01667 seconds, it is assumed that relative rotor angle 
measurements from the machines 2,3 and 4 (relative to generator 1, the reference machine) are 

available for control. A fourth-order bilinear model was selected for each machine, by observing 

that model-orders of 2 and 3 stabilize the system, but do not damp the oscillations well. The 

initial parameters were all initialized to zero, except for 1)11 = 1, for i=2,3,4. The matrix Q was 

initialized as 10I for each identifier. The normalization and compensation factors were selected 

as unity. The bilinear one-step-ahead controller was used to control the system with a control 

weight of pi = 0.5. The bilinear self-tuning control with relative rotor angle feedback is observed 

in Figs.5.10-5.11 to stabilize the four-machine system. Machine # 2 is smaller in size compared 

with the rest of the system, and experiences faster oscillations as seen in its speed in Fig.5.11, 

before settling down in about 10 seconds. Generators 3 and 4 are observed to be positively 
damped and settle down in about 10 seconds. 

The bilinear self-tuning controller was also tested on a larger system simulation, with 17 

generators, for different contingencies. It was observed that the controller stabilizes the system 

http:Fig.5.11
http:Figs.5.10-5.11
http:Figs.5.10-5.11
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for the contingencies selected, but shows a lot of chatter in the control signal, attributed to a 
small prediction horizon [59]. 

5.10 Conclusions 

In this chapter, the design and performance of bilinear self-tuning controllers for power 

systems is discussed. Due to the vagaries of power system operation, such as frequent shifts in 

generation, changes in loads, line switching, etc., there is uncertainty in the knowledge of 
parameters used to describe the power system. The use of fixed parameter controllers requires 

frequent re-validation, or some compromise tuning conditions, where the performance may not 

be good. In this context, self-tuning control is proposed. The self-tuning controller makes use of 

real-time measurements and continually updates the parameters of the reference models, by 

optimizing some criterion, such as the least squares. 

The use of bilinear model structures is proposed when using the TCSC for controlling 

the power system oscillations. An algorithm is developed for bilinear system identification, along 

with several design modifications motivated by robust performance concerns. A new bilinear 

generalized predictive controller is developed. When using predictive controllers in self-tuning 

mode with poor initial parameter-estimates, it is not advisable to use large prediction horizons, 

since demanding high-performance out of controllers designed on poor-reference models can 

lead to bad control policies. In this context, one-step-ahead and two-step-ahead controllers are 

derived and studied. The self-tuning controller is evaluated for a single-machine and a 
multimachine power system. Despite starting with poor parameter estimates, the bilinear self-

tuning controllers are observed to self-tune to some parameters using which, the controller is 
observed to stabilize the power system. 
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Fig.5.1 Schematic of Indirect (Explicit) Self-Tuning Controller 
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controller, with rotor angle feedback. 
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controller, with rotor angle feedback. 
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163 

1.5 2 

al 
bl 

a2 
11,, -, 

b2 

0.50 
2 4 6 2 4 6 

Time in seconds Time in seconds 

15 

c2 

1  
0 
cd  

2 4 6 0 2 4 6 
Time in seconds Time in seconds 

Fig.5.7 Convergence of bilinear model parameter estimates and trace of the matrix Q, following a 
short-circuit at the generator terminals, cleared after 7 cycles by opening one parallel line, with the 
bilinear self-tuning generalized predictive controller, with armature current feedback. 



164 

1.03 180 

1.02 
a)a) 

160 
1 

1 

I 

0.99 

0.98 
1 2 3 

Time in seconds 
4 

o 100 
CC 

807 

0 1 2 3 
Time in seconds 

4 

0.8 

0. 

cg 
as 

0> 
Ti 0.5 
c 
E 
a)I-

I I 

..,.....1 
0_ . .0 6 
a)o c 
at 
o 0.4 
as 
a)tr 
6-0 2 
co0 

0 1 2 3 
Time in seconds 

4 0 1 2 3 
Time in seconds 

4 

Strong Line: Response with bilinear self-tuning control 
Broken Line: Response without control. 

Fig.5.8 Response of single-machine system to a short-circuit at the generator terminals, cleared 
after 7 cycles by opening one parallel line, with the bilinear self-tuning generalized predictive 
controller, with rotor speed feedback. 



1.5 

165 

CO 

f.'  
a2)  

CO 0.5 
fC  a-

0.5 

"0 0 -1 

.2 CL5 
a) 
a) 

as 

0- 1.5 --A-

20 

al 

a2 

2 4 
Time in seconds 

6 

c2 

ci 

2 4 
Time in seconds 

6 

-° 

1 

0.5 

bl 

a) 0 
Tv' 
E 
CO 

'ea 0.5 
a-

b2 

2 4 
Time in seconds 

6 

600 

0400 
'CD"0 
cO 

200 

oo 
2 4 6 

Time in seconds 

Fig.5.9 Convergence of bilinear model parameter estimates and trace of the matrix Q, following a 
short-circuit at the generator terminals, cleared after 7 cycles by opening one parallel line, with the 
self-tuning bilinear generalized predictive controller, with rotor-speed feedback. 



166 

30 50 

40 
,'N c: 0 

,7,6 50 
I , 

/ . "Oo'  
, '1  ti 'lc 5060 NI 

70 100 
0 5 10 15 0 5 10 15 

Seconds Seconds 

0 
r\IIS i , ..... 1 ., I 120 

I ' .1 ". ; 
I  

1I I V I  
1 , 

17, 40 \j 
60 

80 
.0 5 10 15 5 10 15 

Seconds Seconds 

Strong Line: Response with bilinear self-tuning control 
Broken Line: Response without control. 

Fig.5.10 Response of four-machine system relative rotor angles 8 to a short-circuit at the 
terminals of generator 2, cleared after 2 cycles, with the bilinear self-tuning one-step predictive 
controller, with relative rotor angle feedback. 

http:Fig.5.10


167 

4  

2  

O.  
C/1 

2  

4  
0 5 10 15 5 10 11 

Seconds Seconds 

0.01 

0.005 

0 

cn 

0.005 

I i 
VW 

T off 
u 

4 , 

w 

,-
\._, ; 

>4 

0 

4 

2 

1 

I 

0.01 
0 5 10 15 

0 
0 5 10 15 

Seconds Seconds 

Strong Line: Response with bilinear self-tuning control 
Broken Line: Response without control. 

Fig.5.11 Response of four-machine system speeds w to a short-circuit at the terminals of 
generator 2, cleared after 2 cycles, with the bilinear self-tuning one-step predictive controller, 
with relative rotor angle feedback. 

http:Fig.5.11


168 

Chapter 6  
Conclusions  

This dissertation addresses the following problems: 

1. Stabilization of interconnected power systems following large disturbances, using the 
thyristor-controlled series-capacitor (TCSC). 

2. Development of a model for use with controller design when using the TCSC. 

3. A design methodology for nonlinear predictive controllers using TCSC devices. 

4. A bilinear self-tuning control design methodology. 

A partial structure-preserving model is proposed in Chapter 2, to preserve the structure 

of the TCSC explicitly in the reference model. This procedure introduces four new variables for 

each TCSC device, and converts the differential-equation system to a set of algebra-differential 

equation system. The four new variables are the bus-voltage magnitudes and the bus-voltage 

angles of the buses to which the TCSC is connected. Thus the partial structure-preserving model 

additionally holds the promise of controller implementation with the quantities measured local to 

the TCSC buses. The resulting algebra-differential equations system can be used for linear as 

well as nonlinear control studies. 

An evaluation of three control methodologies is made in Chapter 3 for non-ideal 
simulation conditions, using a simplified power system model. The results obtained indicate that 

superior robust performance can be obtained using a nonlinear predictive controller, when 
compared with a feedback linearizing controller and a linear quadratic regulator, even in the 

presence of certain modeling errors. 

Nonlinear predictive control methodologies are studied in Chapter 4. Finite-horizon 

quadratic criterion functions are introduced in the output-variables and the control, in 

conjunction with simplified multimachine models. The nonlinear predictive controller is obtained 
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by minimizing the criterion function with respect to the control variables over the selected 
horizon. The controller obtained by the minimization procedure is applied for a short-period of 

time, following which, the predictive controller is computed again, with the newly measured 

initial conditions. The horizon can be reduced at this point, to account for the fact that a portion 

of the control task has been achieved, thus leading to a simpler minimization problem. Detailed 

algorithms are derived for the nonlinear predictive controller, assuming a simplified 

multimachine model. 

To ensure stabilization of the power system using the nonlinear predictive controllers, it 

is necessary to have large prediction horizons initially. The resulting computing burden is a 

major disadvantage for real-time application in power systems, where it is necessary to have 

rapid control action following the clearing of faults. Since linear quadratic regulators can be 

designed analytically for infinite-horizon problems using linear reference models, it is 

advantageous to apply these controllers when the power system states enter a small neighborhood 

of the post-fault equilibrium. In such cases, it is not necessary to design the nonlinear predictive 

controller, such that it conducts the power system state to the post-fault equilibrium. Instead, it is 

sufficient if the nonlinear predictive controller conducts the power system state to the 
neighborhood where linear controllers can be applied. In this context, a coordinated-control 

policy is proposed. In the coordinated-control policy, the terminal state equality constraint is 

modified such that the terminal state is only required to be in a small neighborhood of the post-

fault equilibrium. In this region, linear controllers are applied to provide damping and local 

asymptotic stabilization. The relaxing of the terminal state equality constraint in this manner 

leads to the implementation of the nonlinear predictive controller with much smaller horizons. 

Different methods of coordinating the linear and nonlinear controllers are discussed. Simulations 

conducted on a four-machine sample power system show that the coordinated control policy 

stabilizes the power system and provides good damping to the transients, for a class of faults. 

The nonlinear predictive control with the coordinated control policy offers a larger 

region of stable operation of the power system, than that offered by a linear controller alone. For 

a class of large faults, the nonlinear predictive controller can successfully return the power 

system states to the guaranteed stable region that is provided by the linear controller. When 

operating alone with small fixed horizons, the nonlinear predictive controller is observed in 

simulations to stabilize the power system for the class of faults, but result in poorly damped 
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transients. Linear controllers do not stabilize the power system for all the faults in this class. For 

the faults for which they stabilize the power system, they provide good damping to the post-fault 

transients. The coordinated-control policy builds on the strength of both controllers, i.e., 

stabilization for large state initial conditions (provided by the nonlinear controller), and rapid 

damping near the equilibrium (provided by the linear controller); and avoiding their weaknesses. 

The coordinated-control policy can be applied naturally with little modification to existing power 

systems, which are usually equipped with linear control devices. The nonlinear predictive control 

design methodology can be extended to higher-order models of the power system, and for 
multiple TCSC controllers. 

The final chapter of this dissertation addresses the problem of designing self-tuning 

controllers based on bilinear reference models. The self-tuning controller relies on the property 

of Certainty Equivalence. In this approach, the currently estimated model parameters are used 

with a pre-selected control algorithm as if they were the true parameters for purposes of 
controller design. The self-tuning strategy then aims at using the system identifier to converge to 

some model parameters with which the system can be stabilized. A recursive least squares 
identifier is used to estimate the parameters of the bilinear reference model, using measured 

signals from the power system. A number of design modifications of the identifier are discussed 

to ensure robust performance of the algorithm under non-ideal conditions. Generic predictive 

control algorithms are discussed, for use with the self-tuning control methodology. A finite-

horizon bilinear predictive controller is developed by minimizing a quadratic criterion in the 

outputs and control variables, with respect to the control. Detailed algorithms are developed for 

self-tuning control. Simulations are conducted using high-order models of single-machine and 

multimachine power systems. The results obtained indicate that for a class of contingencies in 

the power system, and for appropriately selected self-tuning parameter attributes, the bilinear 

self-tuning controller stabilizes the power system. 

Power systems are large-scale systems with many complexities. It is usually difficult to 

solve power system problems completely, due to the exceedingly high dimension of the system 

and its potential for a variety of dynamic behavior with different operating conditions. In power 

system practice, it is conventional to use simplified system representations to design feedback 

controllers, and perform validation studies on more accurate simulation models for appropriate 

re-design and re-tuning of the controllers, prior to actual commissioning in the field. The 
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controllers designed in this dissertation are similarly designed on simplified representations of 

the power system. There are a few shortcomings of the methods proposed. These concerns are 

addressed below: 

1) The predictive controllers require communicated measurements of the relatiVe rotor angles of 

the machines in the controlled group. With advances in phasor measurement units [130], it is 

expected that such measurements can become available in the near-future, for real-time control 

applications. 

2) The nonlinear predictive controllers of Chapter 4 are designed on the basis of simplified 

multimachine models with known parameters and deterministic measurements. While most of the 

parameters are usually available for system planning studies, there may be uncertainties 
regarding the parameters of the transmission system, since it implicitly includes the uncertain 

load parameters. The simulations in Chapter 3 with a similar controller for a simplified single-

machine system with uncertain parameters indicate that nonlinear predictive controllers can 

perform well for selected uncertainties in the parameters. It is necessary to perform such 
sensitivity studies with respect to the system parameters for the nonlinear predictive controller 

for multimachine systems also. An alternative method is to make the nonlinear predictive 
controllers self-tuning, and offers potential for future research. 

3) The control methodologies presented in this dissertation are of a centralized nature. The real-

time computing burden of the coordinated-controllers and the bilinear self-tuning controllers can 

become excessive when a large number of machines are considered in the controlled group, with 

a number of controlling TCSC devices. In such cases, controller simplifications using the MIN-

MAX strategy of Chapter 5 can assist in partial de-centralization of the control strategy, yet 

retaining certain global characteristics. Implementation of the algorithms using Digital Signal 

Processing (DSP) chips can assist in rapid computation of the control for real-time application, 

and is an area of further research. 

4) The TCSC is considered as the control device throughtout this thesis, assuming idealized 

performance. Despite operating at twice the ac frequency, there are time-constants associated 

with the operation of the device. In addition, the TCSC can introduce additional harmonics into 

the system. It will be necessary to study the effect of such non-idealities of performance, 



172 

including the potential to excite SSR using such controllers. In the coordinated control 
framework, it is possible to consider these problems in two stages. For a short-period following 

large faults, it may be sufficient to use nonlinear controllers such as the ones designed in this 

thesis, based on simplified power system models. When the states enter a small neighborhood of 

the post-fault equilibrium, linear controllers can be designed using appropriate reference models, 

to offer robust performance in the presence of unmodeled high-frequency dynamics. Such 
coordinated designs offer potential for future research. 

In conclusion, nonlinear feedback controllers can provide a large region of stability in 

multimachine power systems. In practical terms, the operating conditions of the power system 

can be fixed at higher-levels, and transmission lines can be operated closer to their thermal 

limits. Thus the use of appropriately designed nonlinear feedback controllers can help to utilize 

the existing system resources to a greater extend than currently used. This dissertation presents 

two nonlinear predictive control methodologies one based on fixed-parameters, and the other 

based on self-tuning parameters. The results obtained are encouraging, and hold the promise that 

these controllers can potentially play a positive role in enhancing the capabilities of today's 

electric power systems. 
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Appendix A: Sample Parameters for the Single Machine Infinite Bus Test System 

The model presented in (2.24)-(2.39) is used in Chapter 5 for the self-tuning control 

studies. The model is used with the sample parameters given below of a 10KVA laboratory model 

power system, representing a scaled-down version of a 250MVA power system model. 

Machine Data (in per-unit): xd = 1.7, xq = 1.64, xF = 1.651, xad = 1.55, xaq = 1.49, xid, = xkc2 

= 1.526, ra = 0.0011, rF = 0.00074, ri,D = 0.0131, rkQ = 0.054, o = 377 rad/sec, M = 3.25 . 

Each line has an impedance of ze = re + j ( xe -xe ) = 0.04 + j(1.0-0.4). 

Excitation System Data: KA = 400, Ke = 1, Kf = 0.04, TA = 0.05, Te = 0.5, Tf = 0.715, TR = 
0.01, Vref = 1., VRMAX = 2.0, VRmirsi = -2.0 

Appendix B: Sample parameters for Multimachine System 

The following data refer to the multimachine system shown in Fig.2.3, representing the 

main features of the Northwest American Power Systems [32]. This system is used in the 
simulation studies reported in Chapter 4. 

Line Data & Power Flow Results 

(Z = R+jX; PF = P+0) 

From: 1 To: 5 Z: .0000E+00+j.2500E+00 PF: .10783E+01-j.30323E+00 

From: 2 To: 6 Z: .9000E+00+j.3650E+01 PF: .30020E-01-j.50990E-03 

From: 3 To: 7 Z: .0000E+00+j.5000E+00 PF: .69820E+00-j.26860E+00 

From: 4 To: 8 Z: .0000E+00+11000E+00 PF: .13300E+00-j.95650E-01 

From: 5 To: 6 Z: .1000E+01+j.2400E+01 PF: .26230E+00+j.10430E-01 

From: 6 To: 7 Z: .2500E+01+j.2000E+02 PF: .10620E-01-j.20070E-02 

From: 7 To: 8 Z: . 1120E+01+ j.4368E+01 PF: -.2466E-02+j.11570E-01 

From: 6 To: 8 Z: .1000E+01+j.1000E+01 PF: .11760E+00+j.10470E+00 

http:2.24)-(2.39
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Bus Data & Power Flow Results (S = P + j Q) 

Bus 1: V: 1.0 Z.0 S: 1.07831+j.3032307 

Bus 2: V: .9999809 L -52.7222 S: 3.00000E-02+j5.11403E-04 

Bus 3: V: 1.0 L -50.3162 S: .698 +j .2686248 

Bus 4: V: 1.0 Z -71.6452 S: .1319998+j 9.56319E-02 

Bus 5: V: .9627064 L -16.2619 S: -.816+j .0 

Bus 6: V: .9772128 L -59.1333 S: -8.90000E-02+j 8.90000E-02 

Bus 7: V: .9334257 L -72.2792 S: -.711 +j .0 

Bus 8: V: .9905243 L -72.4146 S: -.222 +j 5.00000E-02 

Machine Data 

Inertias: M1 = 290., M2 = 2.95, M3 = 5.0, M4 = 3.95 

Damping Factors: D1 = 10, D2 = 0.5, D3 = 2.0, D4 = 1.0 

Transient Reactance: 'Cal = .3236, x'd2 = .3236, x'd3= .3236, x'd4= .346 

Appendix C Lemmas on Controllability 

For the system (4.1), consider 

(Dx(0,0) = (waxxo,o) = A, and 

4)u(0,0) = (a4)/au)(0,0) = B 

Lemma: Suppose 0 E int(U), 0 E Clx and 4 E C' with 0(0,0)=0. Then the system (4.1) is locally 

null controllable if (A,B) is controllable, i.e., Rank (C) = n', where C = [B, AB, A2B...,A(''-1)13]. 

On the assumption of the existence of a controller based on a smooth feedback of the 

states, stabilizability can imply controllability as illustrated in the following lemmas 
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Lemma: Suppose there exists a function a: LIx -+ U, which is C', and there exists a function V: 

> 91+ u 0 } for the system dX/dt = D(X,a(X)) such that 

(a) V(X) 0, V(X) = 0 iff X = 0 

(b) V(X) increases radially with All, for all X E Six 

(c) oi(x,a(x)) awax, < 0 for X # 0.
1=1 

Then the system (4.1) with u(t) = a(X) is asymptotically stable with respect to the origin, for 

trajectories originating in C2x. 

Lemma: Consider (4.1) and suppose 

(a) (13 E C1 in all its variables 

(b) 41)(0,0) = 0 

(c) 0 E int(U) 

(d) There exists a: Slx > U with a E C' satisfying the hypothesis of Lemma 4.1.2 

(e) (A,B) is controllable 

Then the system (4.1) is null controllable for trajectories originating in Six. 

Proof: [68, p.222]. 

Appendix D Lemma on Discretization 

Lemma: [75]. Let f: [a,b] p 9i be four times continuously differentiable on [a, b]. There exists a 

constant c independent of x, such that for any x E (a,b) and sufficiently small h > 0, 

f "(x) f(x+h) 2f(x) + f(x-h) } / h2 S ch2 
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Appendix E Newton Method for Nonlinear Equations 

Consider the equations (5.56)-(5.57). 

Define F = fdT 
TU = [Uk-1 Uk]

For j=0,1,2,3,... until convergence, 

u(i+" = u(") V(ua))-1F(ua)) 

where F' is the Jacobian given by 

aft /auk -1 afimuk 
F' = 

af2/auk_i af2/auk 

[(T2-4-1.4Uk+r6Uk2) (r3+r4uk_1 +2r5uk+2r6ukuk-1)  

2\ (S2+S4Uk+2S5Uk-1+2S6Uklik-1) (S3+Sallk-i+S611k-1 

The initial estimate of the solution u" can be taken as 0 for convenience. All subsequent 

(at the next control cycle) initial solutions can be taken as the previous set of converged control 

values. 

http:5.56)-(5.57



