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ABSTRACT 

In a self-tuning adaptive control algorithm, parameters of a model of the plant to be 

controlled are identified on-line and the control action is calculated based on the 

identified parameters. In practice, duplicate controllers, one active and one standby, are 

often employed. In the case of a digital adaptive controller, because the standby unit is 

not tracking the system operating conditions, a sudden change over from the active unit 

to the standby unit can cause deterioration in control. Performance of a power system 

with duplicate adaptive power system stabilizer and the actions required for a smooth 

change over from one controller to the other are presented in this study. 

Most of the present control techniques involve the optimization of one-step ahead 

performance index. However, the control signals have a dynamic impact on the future 

states of the system. Therefore, full-scale optimization is desirable. The drawback of such 

full-scale optimization is the computational burden attached to it. To over come this 

shortcoming, simplifications are proposed using the 'dynamic control limits'. 

Proper system identification is one of the important factors that gives a good 

controller performance. This means that while the model parameter estimates are good, 

the controller output is good, whereas if the model parameter estimates are bad then 

almost surely the computed control will be bad. Proper selection of the identified system 

model order is also investigated. 
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Chapter 1 

i 

Introduction 

1.1 Power System Stability and Control 

Electric power systems are complex multi-component dynamic systems. Spread over 

vast geographical areas and no longer operating as isolated systems, but as interconnected 

systems, they are subject to many kinds of disturbances and abnormalities. Their 

characteristics vary with the variation of loads and generation schedules. The present-day 

tendency of operating generators with relatively small stability margins has made these 

systems even more fragile [1,2]. A good system should have the ability to retain its 

normal operating condition after a disturbance. As stability is ultimately concerned with 

the quality of the electric power supply [3], it is considered as one of the main topics of 

power systems research. 

Most power system elements are highly nonlinear and some of them are combinations 

of electrical and mechanical parts which have very different dynamic behavior. 

Interaction between electrical and mechanical parts in an individual element and the 

interactions between the elements result in complicated system dynamic and transient 

behavior and consequently various kinds of unstable characteristics [4, 5]. During the 

past few decades, extensive research has been conducted to overcome these stability 
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problems. For analytical studies, the power system stability problems are classified into 

three categories [6, 7, 8]. 

1. Steady-State Stability - This term refers to the stability of a power system 

subjected to small and gradual changes in load. If the system is able to maintain 

synchronism after small changes in operating conditions, it is said to be steady-state 

stable. The solution is obtained generally in the frequency domain around a given steady 

state equilibrium point. 

2. Transient Stability - This term refers to the ability of the power system to 

overcome a sudden large disturbance. The unstable situation always results in the loss of 

synchronism during the first one or two swings after the disturbance. The solution is 

obtained in the time domain. The period under investigation can vary from a fraction of a 

second, when first swing stability is being determined, to over ten seconds when multiple 

swing stability must be examined. Usually this kind of stability depends strongly on the 

magnitude and location of the disturbance and to a lesser extent on the initial state or 

operating condition of the system. 

3. Dynamic Stability - This term refers to the long-time response of the power system 

to small disturbances or badly set automatic controls. It differs from the steady-state 

stability because it assumes that the system is steady-state stable and the system is 

subjected to small disturbances. This differs from the transient stability because no major 

shock or impact is considered. The unstable situation in this case always results in long 

term sustained oscillations. If the damping existing in the system is not strong enough, 

the long-term oscillations will become larger and larger, and eventually will make the 
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system lose synchronism. In contrast to transient stability, dynamic stability tends to be a 

property of the state of the system. 

The problem can be solved either in the time domain or in the frequency domain. 

Generally, dynamic stability is treated as an extension of transient stability and is thus 

solved in the time domain. Such extension normally requires modification of some plant 

component models and often the introduction of new models, but because of the smaller 

perturbations and longer study duration the small-time constant effects can be ignored 

[9]. 

For many years, investigations of the synchronous stability of power systems were 

limited to two special parts of the problem: first-swing transient stability and steady-state 

stability. If the system was stable for these two cases, i.e. one for a short time after a large 

disturbance and the other for a long time after that disturbance, it was assumed that there 

would be enough natural (positive) damping in the system to enable it to ride through the 

intervening time. 

Although there are several sources of positive damping in a power system [8], there 

are also sources of negative damping, notably voltage-regulating and speed-governing 

systems. Furthermore, although the natural positive damping predominates, in some 

circumstances the net damping is negative. With net negative damping, angular swings of 

the machines, instead of dying out, will increase either until steady state equilibrium 

amplitude is reached or synchronism is lost. Such a stability problem is termed as the 

dynamic stability problem and has drawn great attention since it was first observed. 
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1.1.1 Power System Damping Controllers 

If the natural damping of a power system is negative, the cure is to add artificial 

positive damping. The most important use of artificial damping is to make net damping 

positive. Even if the natural damping is already positive, there is a considerable benefit in 

increasing it artificially to achieve stronger damping. Powerful damping decreases both 

the amplitude of the first swing and the ratio of each successive swing to the preceding 

one, thus enhancing the stability margin of the system. 

During the past decades, many methods have been investigated to improve the stability 

of power systems. Generally speaking, the damping control strategies can be divided into 

two groups: 

• Damping control in the transmission path. 

• Damping control at generation locations. 

1.1.1.1 Damping Control in the Transmission Path 

1. High-Voltage Direct Current (HVDC) Transmission - This plays an important 

role in improving system stability [10, 11] since there is no requirement to maintain 

synchronism for H V D C . On the other hand, H V D C provides positive oscillation damping 

because an H V D C link can change its power flow, in accordance with A C system needs, 

much faster than any power plant. 

The principal disadvantage of H V D C is the cost and complexity of the rectification-

inversion equipment. Another disadvantage is that H V D C will generate harmonics in the 

A C system. 
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2. Flexible AC Transmission System (FACTS) - The FACTS controllers have the 

ability to manage the interrelated parameters that constrain power system such as series 

impedance, shunt impedance, phase angle etc [12, 13, 14, 15]. Some FACTS controllers 

are listed below [16]: 

• Static Var Compensator (SVC) - uses thyristor valves to rapidly add or remove 

shunt-connected reactors and/or capacitors. 

• Thyristor Controlled Series Capacitor (TCSC) - can vary the impedance 

continuously to levels below and up to the transmission line's natural impedance. 

• STATic CONdenser (STATCON) - generates reactive power. Its polarity can be 

controlled by controlling the voltage. 

• Phase angle regulator - shifts voltage phase by adding or subtracting a variable 

voltage component that is perpendicular to the phase voltage of the line. 

• Unified power controller - obtains a net phase and amplitude voltage change that 

confers control of both active and reactive power. 

Like H V D C , the main drawback of FACTS controllers is the cost. 

1.1.1.2 Damping Control at Generation Locations 

Over the years considerable effort has been devoted to enhance power system stability 

in various ways, such as system operating condition and configuration control [1, 14, 15], 

generator input power control [17], and excitation control [18, 19], etc. Among the 

artificial damping methods discussed in the literature, excitation control (with a 

supplementary signal in addition to the usual terminal-voltage signal) is the most 

economical one, because the additional equipment required operates at a low power level 
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(mW to Watts), whereas other methods (such as resistor braking and capacitor switching) 

need a much higher power level (MW or MVar, respectively). The other advantages are: 

• It has much smaller time constant than the mechanical system, 

• An electrical control system is effectively a continuous acting system because of 

its small loop time constant. Therefore, it can give a smooth system response. 

Effectiveness of damping produced by excitation control has been demonstrated both 

by computation and by field tests. Several kinds of supplementary signals (speed 

deviation, frequency deviation, and accelerating power) have been used. Generator 

supplementary excitation controller commonly referred to as power system stabilizer 

(PSS) has been studied for decades. 

1.2 Power System Stabilizers 

In late 1950's and early 1960's most of the new generating units added to electric 

utility systems were equipped with continuously-acting voltage regulators. As the number 

of these units has increased greatly in recent years, it became apparent that the high gain 

voltage regulator action had a detrimental impact upon the dynamic stability of the power 

system [20]. Oscillations of small magnitude and low frequency often persisted for long 

periods of time and in some cases presented limitations on power transfer capability. 

Power system stabilizers (PSSs) were developed to aid in damping these oscillations via 

modulation of the generator excitation [8]. The art and science of applying PSSs has 

developed considerably since the first widespread application to the Western System of 

the United States [21, 22]. This development has involved the use of various tuning 

techniques and input signals, employing various control strategies, and learning to deal 
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with practical problems such as noise and interaction with turbine-generator shaft torsion 

modes of vibration [23]. 

The basic function of a power system stabilizer is to extend stability limits by 

modulating generator excitation to damp the oscillations of synchronous machine rotors 

relative to one another. These oscillations of concern typically occur in the frequency 

range of approximately 0.2 to 2.5 Hz, and insufficient damping of these oscillations may 

limit the ability to transmit power. To provide damping, the stabilizer must produce a 

component of electrical torque on the rotor, which is in phase with speed variations. The 

implementation details differ, depending upon the stabilizer input signal and control 

strategy employed. However, for any input signal the transfer function of the stabilizer 

must compensate for the gain and phase characteristics of the excitation system, the 

generator, and the power system, which collectively determine the transfer function from 

the stabilizer output to the component of electrical torque that can be modulated via 

excitation control. This transfer function is strongly influenced by voltage regulator gain, 

generator power level, and A C system strength. 

1.3 Conventional Power System Stabilizers 

The most commonly used PSS, referred to as the Conventional PSS (CPSS), is a fixed 

parameter analog-type device. The first CPSS, proposed in 1950's, is based on the use of 

a transfer function designed using the classical control theory [8, 23, 24]. A 

supplementary stabilizing signal derived from speed deviation, power deviation or 

accelerating power, and a lead-lag compensating network to compensate for the phase 

difference from the excitation controller input to the damping torque output, is introduced 



8 

to the excitation controller. By appropriately tuning the phase and gain characteristics of 

the compensation network, it is possible to make a system have the desired damping 

ability [25]. The CPSS is widely used in today's excitation controls and has proved 

effective in enhancing power system dynamic stability [26, 27]. 

The CPSS, however, has its inherent drawbacks. It is designed for a particular 

operating condition around which a linearized transfer function model of the system is 

obtained. Usually the operating condition where control is needed most is chosen [23]. 

The high non-linearity, very wide operating conditions and stochastic properties of the 

actual power system present the following problems to the CPSS: 

• How to choose a proper transfer function for the CPSS that gives satisfactory 

supplementary stabilizing signal covering all frequency ranges of interest. 

• How to effectively tune the PSS parameters. 

• How to automatically track the variation of the system operating conditions. 

• How to consider the interaction between the various machines. 

Extensive research has been carried out to solve the above problems. Different CPSS 

transfer functions associated with different systems have been proposed [8, 23]. Various 

tuning techniques have been introduced to effectively tune PSS parameters [28, 29]. 

Effective placement and mutual cooperation between the PSSs in multi-machine systems 

are also presented [30, 31]. To solve the parameter-tracking problem, variable structure 

control theory was introduced to design the CPSS [32]. A l l this research has resulted in 

great progress in understanding the operation of the PSS and effectively applying PSS in 

the power systems. However, it cannot change the basic fact - the CPSS is a fixed-

parameter controller designed for a specific operating point, which generally cannot 
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maintain the same quality of performance at other operating points [33]. It is for this 

reason that adaptive control, control that "adapts" to changing system characteristics, has 

so much potential to improve power system performance. The idea has led to the research 

and development of adaptive power system stabilizers (APSSs). This dissertation is an 

attempt in this direction. 

1.4 Adaptive Power System Stabilizers 

The adaptive control theory provides a possible way to solve the above-mentioned 

problems relating to the CPSS [34]. A l l adaptive control techniques can be classified in 

two categories [35]: 

1. Direct Adaptive Control - In this type of control, the objective is to adjust 

controller parameters so that the output coordinate of the controlled system agrees with 

that of a reference model. Usually the value of mismatch between the controlled 

coordinates (yp) of the system and the model (yr) is used to perform parameter 

adjustment. 

\\yr-yP\\ = e (1.1) 

where e is called the mismatch error. This kind of adaptive control is often referred as the 

model reference adaptive control (Fig. 1.1). 

The performance of this algorithm depends on the choice of a suitable reference model 

and the derivation of an appropriate learning mechanism. 

2. Indirect Adaptive Control - In this kind of adaptive control, the objective is to 

control the system so that its behavior has the given properties. The controller can be 

thought in terms of two loops. One loop, called the inner loop, consists of the controlled 
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process and an ordinary linear feedback controller. The parameters of the controller are 

adjusted by the second loop, or outer loop, which is composed of an on-line parameter 

identifier. This kind of adaptive control is often referred as the self-tuning adaptive 

control (Fig. 1.2). 

Due to the nonlinear, time varying and stochastic nature of the power systems, the 

application of adaptive control techniques to power systems has drawn wide attention 

from academia and industry [33, 36, 37, 38]. Although the actual applications of formally 

developed adaptive control strategies to power systems are few, significant amount of 

research has been conducted on this topic accompanied by experimental results. From an 

optimistic point of view, it can be expected that it won't be long before industrial adaptive 

controllers for power systems are available. 

Self-tuning adaptive control is one of the most effective and well-established indirect 

adaptive control techniques. The self-tuning property lies in its on-line identifier, which is 

used to estimate the varying parameters of the plant. The control is obtained based on the 

estimated parameters. The technique has gained recognition because of its flexibility (can 

be applied to different plants with minimal changes), auto-tuning properties, and ease of 

implementation using Programmable Logic Controllers (PLCs) [39, 40]. Most of the 

adaptive power system stabilizers reported in literatures use this adaptive control scheme 

[33]. The structure of the self-tuning APSS is shown in Fig. 1.2. 

From the structure of the self-tuning adaptive power system stabilizer shown in Fig. 

1.2, it can be seen that the development of such a device involves the following two parts, 

an on-line parameter identifier and a controller. 
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1.4.1 On-line Parameter Identifier 

This part is the essence of the APSS which gives the PSS the ability to adapt. At each 

sampling instant, input and output of the generating unit are sampled, and a mathematical 

model is obtained by some on-line identification method to represent the dynamic 

behavior of the generating unit at that instant of time. For a time varying stochastic 

system, such as a power system, its dynamic behavior varies from time to time. With this 

on-line identifier, it is expected that the mathematical model obtained each sampling 

period can track changes in the controlled system. Obviously, the extent to which the 

identified model fits the dynamics of the actual generating unit determines the failure or 

success of the APSS. It is for this reason that the on-line identification methods have 

always been the main subject of research. 

A number of identification methods have been proposed, from off-line to on-line 

methods [41, 42]. It is difficult to say which one is the best for all adaptive control 

applications. Some methods may be more suitable for some specific applications, while 

others may not be. 

For the self-tuning APSS development, the Recursive Least Squares (RLS) method is 

the most commonly used [43, 44, 45]. The advantages of the RLS are as follows [46]: 

• The RLS method is one of the simplest of the on-line identification methods. It 

requires less computation time than other techniques and, thus it has been chosen to 

design the APSS in most cases. 

• It has been demonstrated that RLS method has very good numerical stability and 

fast convergence property. 
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Modifications of the RLS method to make it more suitable for power system 

applications can be found in the literature [47, 48, 49]. Forgetting factor is used to 

improve the tracking ability of the on-line parameter identifier to the changing power 

system [47, 48, 49]. To consider the colored noise environment of the power system, 

Extended recursive Least Squares (ELS) method is used [50, 51]. Generally speaking, 

modifications are made to give the identifier the ability to represent and track the system 

as closely as possible. 

1.4.2 Controller 

This part produces the control signal for the generating unit based on the identified 

model. The control strategy is generally developed by assuming that the identified model 

is the true mathematical description of the generating unit. However, since the power 

system is a complex high-order nonlinear stochastic continuous system, it is hard for the 

discrete identified model to precisely describe the dynamic behavior of the power system. 

Consequently, it is desirable that the control strategy has good tolerance to the errors in 

the identified model. 

The above discussion on identifier and controller highlights two main points: 

Firstly, the on-line identifier should be improved to achieve an identified model, which 

represents the controlled system as closely as possible. 

Secondly, the control strategy should have the ability to tolerate the identification 

errors. 

With these two parts working together, successful application of the APSS can be 

achieved. 
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1.4.3 Discussion 

The identified model of the generating unit is often a Non-Minimum-Phase (NMP) 

system, which restricts the application of some control strategies in this situation. 

Minimum Variance (MV) control strategy is one example [34, 52]. To overcome the 

excessive control signal amplitude problem and the unstable feature of the N M P closed-

loop system, a Generalized Minimum Variance (GMV) technique has been proposed and 

widely used [53, 54, 55]. Though it is simple, its closed-loop performance does not often 

meet the needs of the controller designer. For example, stability, which is an important 

issue in control design, is not taken into consideration in the G M V control. 

Pole Assignment (PA) control strategy is also well known in adaptive control 

applications [56, 57]. It puts the emphasis on the closed-loop stability rather than the time 

domain responses. By choosing the closed-loop poles properly, the closed-loop system 

can be robust to some extent even if the identified model has some errors. However, 

selection of the proper closed-loop pole locations to meet the need of both the stability 

and time domain response requirements offers a hard task to the designer. 

Pole Shifting (PS) control strategy is a modified version of the PA control strategy [45, 

58, 59]. In this strategy, controller parameters are selected on the basis that the closed-

loop poles are shifted from the identified open-loop poles in a stabilizing direction 

(radially inward away from the unit circle in the z-domain). The amount of shift is 

determined by one parameter, called the pole-shifting factor, which can be adjusted to 

achieve desired damping. This control strategy simplifies the PA strategy because only 

one parameter needs to be selected. Obviously, the way to select the pole-shifting factor 

determines the behavior of the controller. 



15 

The last decade has seen a growing interest in applying Artificial Intelligence (AI) 

techniques such as fuzzy logic and artificial neural networks for on-line control of power 

systems. The two techniques are described in Sections 1.5 and 1.6. 

1.5 Fuzzy Logic Based Power System Stabilizer 

Fuzzy logic has been applied in various power system applications [60, 61, 62, 63]. 

The Fuzzy Logic Control (FLC) technique appears to be the most suitable one whenever 

a well-defined control objective cannot be specified, the system to be controlled is a 

complex one, or its exact mathematical model is not available. FLCs are robust and have 

relatively low computation requirements. This decreases the development time and cost. 

The basic F L C includes four components [60]: 

1. Fuzzification: Transfer the crisp input variables to corresponding fuzzy variables. 

2. Rule Definition (Knowledge Base): It contains the meaning of the linguistic values 

of the process state and control output variable. 

3. Inference: It is used to obtain strength of each rule according to membership values. 

4. Defuzzification: It is used to convert the set of modified control output values into 

non-fuzzy control values. 

PSS based on F L C is an active area and satisfactory results have been obtained [61, 

62, 64, 65]. Although F L C introduces a good tool to deal with complicated, nonlinear and 

ill-defined systems, it has the following limitations: 

• It is not always easy to construct a rule-base for FLC. 

• The selection of membership functions and parameter tuning is a non-trivial task. 
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The above problems have been overcome using neural networks, self-organizing 

networks and genetic algorithms to find the rule sets, parameter tuning and optimum 

number of memberships, respectively [66, 67, 68]. However, the complexity of the above 

models often discourages the user from incorporating the above models in the F L C 

design process. This limits the application of FLC. Furthermore in [66, 67, 68], the 

membership functions are decided off-line and then varied during the on-line operation. 

This sometimes negates the meaning of membership function in FLC. 

1.6 Neural Network Based APSS 

Artificial Neural Networks (ANNs) attempt to achieve good performance via dense 

interconnection of simple computational elements [69]. A N N structure is based on the 

present understanding of biological nervous system. The ability to learn is one of the 

main features of Neural Networks (NNs) [70]. ANNs can also provide, in principle, 

significant fault tolerance, since damage to a few links need not significantly impair the 

overall performance. The massive parallelism, natural fault tolerance and implicit 

programming of N N computing architectures suggest that they are good candidates for 

implementing real-time controllers for nonlinear dynamic systems, such as power 

systems. 

Many different neural network based control architectures were developed during the 

eighties. Reinforcement learning and adaptive critic schemes have been used for training 

[71] and ANNs such as the Multi-Layer Perceptrons (MLPs) [72], Radial Basis Functions 

(RBFs) [73], Functional Link Nets [74] and B-Splines [75] have been developed. 
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System identification and control using neural networks was proposed in a pioneering 

work [76]. Neural networks allow many of the ideas of system identification and adaptive 

control originally applied to linear and nonlinear (or linearized) dynamic systems to be 

generalized, so as to cope with more severe non-linearities. In Section 1.4 two schemes 

for 'direct' adaptive control and 'indirect' adaptive control are shown (Fig. 1.1 and Fig. 

1.2). In these figures, ANNs can replace both identifier and controller. Since ANNs have 

the capability to learn arbitrary non-linearity by adapting their weights they are good 

candidates for adaptive control applications. References [77, 78, 79] proposed 'direct' 

control scheme using feed-forward neural networks trained using back-propagation 

algorithm. In [80, 81, 82] feed-forward and recurrent neural networks are used to design 

the Neural APSS (NAPSS). The NAPSS consists of two sub-networks: neuro-identifier 

and neuro-controller. The two sub-networks are trained on-line using the back-

propagation algorithm. 

The disadvantage of the above A N N control schemes is the 'black-box' like 

description of the A N N . It is difficult for an outside user to understand the control 

process. This discourages the user from applying the control scheme that may yield 

satisfactory results but cannot describe how the control scheme is obtained. 

A scheme that has the capability to overcome such shortcomings is described in [83, 

84, 85]. These references combine A N N with linear feedback controllers - conventional 

PID control (the PED parameters are updated on-line) or self-tuning adaptive control 

techniques. There are many reasons for utilizing an A N N for parameter identification of 

linear feedback controllers. Neural networks transform the inputs in a low-dimensional 

space to a high-dimensional non-linear hidden unit space and hence are more likely to 
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model the non-linear characteristics of the power system. The ability of NNs to learn also 

makes it attractive for on-line control. The linear feedback controllers have widespread 

industrial acceptance in addition to many theoretical and practical results about their 

performance characteristics. References [83, 84, 85] attempt to exploit these properties 

and to produce algorithms that can calculate the parameters for both off-line and on-line 

control. 

Stability is another important issue in designing A N N based control schemes. 

Reference [86] discussed sufficient conditions for competitive neural networks to be 

absolutely stable. Following the results, Ref. [87] showed that if the weights of the neural 

networks are symmetric, then a Lyapunov function can be found for a neural network, 

which proves that the network is asymptotically stable. Reference [88] proposed energy 

functions for the Hopfield Networks and showed that if the weights are symmetric then 

the energy function is monotonically decreasing and bounded below, and an optimal 

point can be found. In A N N based control schemes, stability of neural network learning 

algorithm does not necessarily mean stability of the closed-loop system. A detailed 

review of the neuro-control techniques can be found in [70, 89]. 

From the discussions in Section 1.3 - 1.6, the following facts have been stated about 

adaptive control schemes: 

• The on-line identifier should have the ability to represent and track the system as 

closely as possible. 

• Linear feedback controllers are the most preferred choice for power system control 

because of their widespread industrial acceptance, availability of theoretical and 

practical results about robustness, stability and their low implementation costs. In 
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addition, the more the number of controller parameters that need to be tuned 

manually, the more difficult it can be to apply in practice. A good controller should 

not only produce satisfactory results, but should also be easy to use. Pole shifting 

control strategy exhibits such properties and thus is adopted in the control scheme 

in this dissertation. 

1.7 Dissertation Objective 

This thesis has two main objectives. The first one is to solve the problems encountered 

with the practical application of duplicate APSS. The thesis addresses the theoretical and 

practical issues to get a smooth change over when applying a duplicate APSS to the 

generating units. The second objective is to introduce the effects of identified system 

model order on the controlled system response. To be more specific, the objective of the 

thesis includes the following aspects: 

1. Both ANN-Identifier and RLS-Identifier are used to track the dynamic behavior of 

the power system. The objective is to obtain superior modeling capabilities without 

compromising on the computation time. The first identification system uses a 

simple adaptive linear element (ADALINE) [90]. It consists of a single layer and 

has one output linear neuron. The input-output mapping of the ANN-Identifiers 

goes through two-stages of learning, namely off-line and on-line training. The off

line training is used to store the 'a priori' knowledge of the system. After the off

line training the networks are further trained at every sampling instant making it an 

adaptive approach. The second architecture uses RLS identification technique. In 



20 

this identification algorithm, a forgetting factor is used to reduce the importance of 

the older sampling data. In order to improve the dynamic performance of the 

identifier to track the system changes, a variable forgetting factor is used. The value 

of the forgetting factor is updated each sampling period. 

2. A third-order discrete auto-regressive moving average (ARMA) model is used to 

describe the power system. Variable Pole-Shifting control uses the on-line updated 

regression coefficients to calculate the closed-loop poles of the system. The 

unstable poles are moved inside the unit circle in the z-plane and the control is 

calculated so as to achieve the desired performance. 

3. Theoretical and practical requirements for a smooth change over when employing a 

duplicate APSS in a power system are discussed. Also, the effect of noise content in 

the input signal on identification process is presented. 

4. Behavior of a Duplicate APSS under single machine power system environment is 

studied. Adaptivity to different operating conditions is of main concern. System 

behavior when employing ANN-Identifier is compared to its behavior when 

employing RLS-Identifier. 

5. Most of the present control techniques involve one-step ahead prediction and 

optimization of one-step ahead performance index. However, the control signals 

have a dynamic impact on the future states of the system. Therefore, multi-step 

prediction of the controlled system is desirable. However, the drawback of multi-

step ahead optimization is the computational burden attached to it. To overcome the 

above disadvantage, simplifications are proposed using receding horizon principle 



21 

and dynamic control limits. These simplifications would make the technique more 

suitable for real-time APSS application. 

6. A model of a system is a description of some of its properties suitable for a certain 

purpose. The model need not be a true and accurate description of the system, nor 

need the user have to believe so, in order to serve its purpose. The effects of 

identified system model order on the controller response is discussed and the way of 

choosing the best fitting order is presented. 

1.8. Dissertation Organization 

This dissertation is composed of 7 chapters. 

In Chapter 2 the concepts of RLS and the modifications made to that algorithm to suit 

on-line identification are described. In addition, the feasibility of different A N N 

architectures for neural network based linear feedback control systems are also discussed. 

Based on a comparison of the features of different types of ANNs, the A D A L I N E 

network is selected to build the APSS. In Chapter 3 basic concepts of the pole shifting 

control strategy are first introduced. Then, a self-optimizing method to determine the 

pole-shifting factor for the pole shifting control strategy is described [91]. Details of the 

proposed method and its advantages compared with existing methods are also given. In 

Chapter 4, the noise effect on identification process is investigated and the suitable 

change over procedure is presented. In addition, using both the A D A L I N E network and 

RLS algorithm for identification and the PS technique for control, simulations are carried 

out on a single-machine infinite-bus power system. Results are provided for a variety of 

disturbances and operating conditions. In addition, a comparison is made between the 
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system performance when these two identifiers are used. Also, in Chapter 5, 

consideration of the control limit constraints in the discrete control system design is 

introduced. By introducing the concept of 'short-term behavior phenomenon', the 

mechanism of the control limits influencing the closed-loop system performance is 

investigated. To overcome this undesirable short-term behavior, a method of effectively 

considering the control limit constraints, called 'dynamic control limits', is introduced. 

Simulation tests show the necessity and advantage of considering the control limits at the 

controller design stage. In addition, the effects encountered with the identified system 

model order on the controller response are presented in Chapter 6. Also a comparison is 

made between the controller responses when different system orders are used. Finally, 

conclusions and contributions of each chapter and comments for further research in the 

area of APS S s are summarized in Chapter 7. 

1.9 Dissertation Contributions 

The main contribution of this dissertation may be summarized as follows: 

1. Development of a hybrid system consisting of an Identifier and a linear PS-

feedback controller as an APSS. Two identifiers are used, RLS-Identifier and 

ADALINE-Identifier. These identifiers are used due to their fast and accurate 

identification capabilities while the linear feedback controller is used because of 

the availability of theoretical and practical results related to its stability and 

performance. 
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2. Linearization of the ADALINE-Identifier to extract the linear regression (ARMA) 

parameters for use in the PS-Control technique. 

3. Theoretical and practical implementation of Duplicate Adaptive Power System 

Stabilizer (DAPSS) is developed. 

4. Improving the system response through proper selection of a proper order to the 

identified system model. 

5. Employing dynamic control limits with high order models of the identified system 

for further improvement of system response. 
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CHAPTER 2 

SYSTEM IDENTIFICATION 

2.1 Introduction: 

System identification is a very important research area. It is widely used in many 

applications. The problem of identification can be formulated as the evaluation of a 

system model representing the essential aspects of an existing dynamic system and 

representing the knowledge of that system in a useful form [92]. 

The identification algorithms can be either off-line (non-real time) or on-line (real 

time). The off-line algorithms are generally more accurate than on-line algorithms since 

they may reprocess data several times. In adaptive control applications, on-line 

identification is used since all data must be processed in real time. Another important 

feature of on-line identification is that it only stresses the very important features of the 

system, i.e. the final model should represent only the essential properties of the dynamic 

system and present these properties in a suitable form. It means that it is not expected to 

obtain an exact mathematical description of the physical system and that it is preferred to 

have a model fitted for the specific application. The general requirement for a system 

identification algorithm can be summarized as follows [93]: 

• It should be mathematically tractable; 

• It should be easily implementable; 
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• It should be generally applicable; 

• It should yield an optimal identification; 

• It should yield an acceptable speed of convergence. 

The earliest used identification method is the Least Squares (LS) method [94]. LS 

method began in 1795 by its inventor Karl Friedrich Gauss. Since that time, the method 

of LS has been applied to many problems. In addition, LS method properties have been 

analyzed and numerical procedures have been proposed in order to obtain better results 

with a reasonable number of arithmetic operations. Since then, many other identification 

methods have been developed. 

The system is a physical object that generates the observed output signal y(t) at time t. 

Many systems also have a measurable input signal w,fr). For a stochastic system, any one 

or both of the system input and system output may be corrupted with noise as shown in 

Fig. 2.1. The knowledge of system properties is generally called a model. It can be given 

2.2 System and Model: 

Figure 2.1 Block Diagram of a Stochastic System 
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any one of several forms, graphical models and/or mathematical models. In order to solve 

a problem, a model of the system is always necessary. For some purposes, the model does 

not need to be very sophisticated. Mathematical models are necessary when complex 

design problems are treated. Although all practical problems are non-linear, good 

regulation can generally be achieved by using a linear model or transfer function given by 

local linearization around the current operating point. The mathematical models 

considered in this thesis are of the discrete form due to the digital computer application. 

The following are two main forms of discrete mathematical models frequently used in 

adaptive control design. 

2.2.1 Linear Regression (LR) Model: 

The block diagram of a L R model is shown in Fig. 2.2. The model takes the form: 

Mz )y( t) =z B(z )UJ(t)+Ç(t) (2.1) 

where 

y(t) is the system output signal 

Ui(t) is the system input signal 

\C(t) 

Figure 2.2 Block Diagram of a LR Model 
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Ç(t) is a white noise signal 

/ is the system delay 

Aiz1) and Biz'1), polynomials in the delay operator z'1, are 

A(z'1) = 1 + axz'x + a2z~2 +... + a„o z~"° (2.2) 

B(z'1) = blz-l+b2z~2+... +bnbz~"b (2.3) 

and na>rib + I 

2.2.2 Auto-Regressive Moving-Average Control (ARMAX) Model 

The generalized stochastic system is shown in Fig. 2.1, in which u¡(t) and y(t) are 

observed as input and output sequences respectively. They are corrupted with white noise 

Çi(t) and fyt), respectively. Then the system input and output can be expressed as: 

w(f) = «(/) +£(0 (2.4) 

x(t) = y(t)-Ç2(t) (2.5) 

Suppose that the system model satisfies the following linear difference equation 

A{z-l)x{t) = z"lB{z'x)wit) (2.6) 

Using Eqns. (2.4) and (2.5), Eqn. (2.6) can be rewritten as: 

A(z-l)y{t) = z-'B(z-l)w(t) + dz-'Kit) (2.7) 

where Ç(t) is a white noise signal and Qz'1), a polynomial in z'1, is 

C(z~l ) = 1 + qz" 1 + c 2z" 2 +... + c„c z~"c (2.8) 

The model presented by Eqn. (2.7) is called A R M A X model. 

Other models, such as state space model, are generally used for the multi-input multi-

output systems. Selection of the mathematical model mainly depends on the information 
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known about the system. Mainly, mathematical models decide the identification 

algorithm to be used. For this reason, a reasonable simplified mathematical model is 

sometimes necessary for practical use. 

2.3 Identification Scheme 

Different identification quality criteria will result in different identification schemes. 

As mentioned earlier, selection of the identification algorithm mainly depends on the 

mathematical model used. Generally speaking, more sophisticated identification methods 

will require more computation time. For this reason, when designing an on-line identifier, 

a compromise must be made between the quality of identification and a reasonable 

computation time among all possible identification methods. 

2.3.1 Recursive Least Squares (RLS) Identifier 

Among different identification algorithms for on-line identification, RLS has the 

advantages of simple calculation and good convergence properties. Theoretically, RLS 

has been developed for use with time-invariant systems. Mainly, the RLS identification 

technique is used to treat L R models (Eqn. (2.1)). This algorithm always gives the 

optimal unbiased parameter estimation for an L R model. For this reason, the model of 

Eqn. (2.1) is sometimes referred to as the least squares model [95]. 

Equation (2.1) can be rewritten as: 

y(t) = $T(t)ç(t) + C(t) (2.9) 

where 0(t) is the parameter vector 
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0(f) = k a2 ... ana b, b2 ... b j (2.10) 

and (pit) is the measurement vector 

(p(t) = [-y{t-\) ... -y{t-na) u¡(t-l-\) ... Ui(t-l-ì)J (2.11) 

A 

Then the predicted value y(t) for the system output y(t) is given by 

y{t) = 6T{t)<p{t) (2.12) 

The prediction error is defined as 

A 

e(t) = y(t)-y(t) (2.13) 

This error includes both the identification error and the noise added to the system. 

The RLS identification algorithm can be described by the following recursive set of 

equations [96]: 

ppm— 

Kt) + vT(t)P(t)<¡>(t) 

f ( t + 1 ) . T O - W ( ' W > ( 2 1 5 ) 

A(t) 

0(t +1) = 0{t) + K(t)[y(t) - 0T (t)ç(t)] (2.16) 

where P is the covariance matrix, K is the gain vector and Â is the forgetting factor. 

A fixed forgetting factor has been used successfully in practical applications. Many 

results show that if the system is always properly excited, this algorithm will give good 

parameter tracking property for the time varying system. However, there exist systems 

which are not always properly excited. These situations always happen in power systems. 

In this kind of a system, the injected test signal cannot be too large in order to guarantee 

normal operation. The random system perturbations then become the main excitation 
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sources. During the normal operating conditions, the system is poorly excited, whereas 

under the large disturbances, the system is over excited. The use of the fixed forgetting 

factor RLS identification is likely to face the following problems: 

• It is difficult to select an appropriate X which always gives the best estimated 

parameters. A small value of X gives good parameter tracking for the case of large 

disturbances but also makes the parameters more sensitive to the system noise. A 

large value of X gives smooth parameter estimation which is useful for the steady 

state operation but results in a slow parameter tracking speed. 

• The so called P matrix 'blow-up' some times happens. This problem occurs when 

the fixed forgetting factor X is used and the slowly time-varying system operates in 

steady state for a long time. In this case, as the prediction error tends to zero, Eqn. 

(2.15) can be approximately represented by [97] 

P(t)=^^- (2.17) 

This can be obtained by putting (p(t) = 0 in Eqn. (2.15). This means that the P(t) 

matrix will exponentially tend to infinity. When P(t) becomes very large, any disturbance 

from the system will result in an inappropriate parameter estimation and then a very 

undesirable control action. This sometimes makes the system unstable. 

Many methods have been proposed to solve this problem, such as [98, 99, 100, 101]: 

• Putting a limit on the P(t) matrix, 

• Keeping the trace of P(t) matrix constant in each iteration, 

• Updating the parameters and the covariance matrix P(t) when P(t) or <p(t) are 

sufficiently small, 
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• Discounting data only when new information is detected, 

• Switching A between two values associated with two typical operating 

conditions (steady state and a certain reasonable disturbance). 

For a near deterministic system, the estimation error will tell something about the state 

of the estimator at each step. If the error is small, a reasonable strategy will be to retain as 

much old information as possible by choosing a forgetting factor close to unity. If, on the 

other hand, the error is large, the estimation sensitivity should be increased by choosing a 

smaller value for the forgetting factor. This will shorten the effective memory length of 

the estimation until the parameters are readjusted and the error becomes small. 

The forgetting factor can be updated on line using the following formula [101]: 

where X a preselected constant, can take any value between 0 and 1 (0 <X<1). 

Equation (2.18) can be explained as follows: 

If the system is running at steady state, e(t) will be very small or equal to zero. This 

forces A near or equal to one which prevents the P(t) matrix from blowing up. Upon the 

occurrence of a disturbance, A decreases as e(t) increases. This improves the parameter 

tracking property of the identifier. 

Combining Eqn. (2.18) with Eqns. (2.14) - (2.16) results in the variable forgetting 

factor recursive least squares identification. This identification ensures that the estimation 

is always based on the same amount of information. 

(2.18) 
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2.3.2 Neural Network Identifier 

Neural networks are a special kind of networks that can learn from examples. This 

involves adjusting the weights that define the strength of connection between the neurons 

in the network. This can be interpreted as a system identification problem [73, 76, 102, 

103] with the advantage that many of the ideas and results in estimation theory can be 

applied to provide insight into the neural network problem irrespective of the specific 

application. 

The nonlinear functional mapping properties of ANNs are central to their use in 

control and identification. In the same way that transfer functions provide a generic 

representation for linear black-box models, ANNs potentially provide a generic 

representation for linear and non-linear black-box models. Approximation using 

regression theory is a classical field of mathematics. From the famous Weierstrass 

Theorem [104] it is known that polynomials, and many other approximation schemes, can 

approximate arbitrarily well a continuous function. Recently, considerable effort has gone 

into the application of similar mathematical machinery in the investigation of the 

approximation capabilities of networks. 

One of the first networks was developed in [90]. It is a simple adaptive linear element 

(ADALINE) to reproduce a switching curve in stabilizing and controlling an inverted 

pendulum. A D A L I N E and Perceptrons have a simple architecture and are used 

extensively with other ANNs. 

System identification and control using neural networks was proposed in an archival 

contribution in the 1990s [76]. It was demonstrated that neural networks can be used 

effectively for the identification and control of non-linear dynamical systems. 
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The discussion above suggests that neural networks have shown a great promise in the 

modeling of non-linear dynamic systems. The problem formulation is described next 

without reference to any particular network. This is followed by a discussion of the 

architectures and learning algorithms in relevance to the power system identification. 

Throughout this work, the ADAptive LINEar neural network (ADALINE) will be used. 

The A D A L I N E network first proposed by Widrow [105] consisted of a non-linear 

limiting function in the output. In later reseach, to formulate the linear regression 

proplem as an A N N , a linear transfer function has been used instead of the limiting 

function in the output of the A D A L I N E . 

2.3.2.1 Problem Formulation 

Consider the non-linear relationship 

y(t) = f{y(t-V), ... y(t-ny), u^t-l), ... ut{t - nu))+C(t) (2.19) 

where 

y(t)=[yl(t),...,yn(t)]T, (2.20) 

u,{t) = [ux(t), ... , ur(t)]T, (2.21) 

CM = [CM ...,CJt)f (2.22) 

are the system output, input and noise vectors respectively and f(.) is some vector valued 

nonlinear function. In order to keep the discussion focused on neural networks in this 

section, the analysis will relate to the model of Eqn. (2.19) with the aim of approximating 

the underlying dynamics f(.) using neural networks. Throughout, the network 

input/output relationship will be defined as 
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y(t) = f(V(t)) (2.23) 

where V(t) is the neural network input vector, and the model predicted output is defined 

as: 

y(t) = f(y(t-l), ... y(t-n), u,(t-l), ... u{t-nj) (2.24) 

2.3.2.2 ADALINE Architecture and Learning Algorithm 

The A D A L I N E structure is shown in Fig. 2.3. The output of the A D A L I N E can be 

expressed as a linear combination of the input signal 

y = WV+b (2.25) 

where V is the A D A L I N E input vector, W its weight vector and b is the bias. 

Figure 2.3. A D A L I N E Network 

The neuron uses a linear transfer function which simply outputs the value passed to it. 

This can be trained to learn affine function of the inputs, or to find a linear approximation 

to a non-linear function. 
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Widrow-Hoff Learning 

The Widrow-Hoff learning algorithm [106] adjusts the weights and bias, b, of the 

A D A L I N E so as to minimize the mean-squared error (MSE) given by Eqn. (2.26): 

MSE = ^-^^)=^-^(0-y(t))2 (2.26) 

The M S E performance index for the A D A L I N E network is a quadratic function. Thus, 

the performance index will either have one global minimum, a weak minimum or no-

minimum. Specifically, the characteristics of the input vectors determine whether or not a 

unique solution exists. 

The learning algorithm is obtained using the following equations: 

and 

dw,. dw,. 

oe2(n) n,,de(n) 
= 2e(n)-

(2.27) 

db db 
(2.28) 

Next looking at the partial derivatives with respect to the weights: 

de(n) 
dw., 

y(t)-y(t) _d[y(t)-(WV(n) + b)] 
dw, dw. 

(2.29) 

de(n) 
dw, ; 

y(t)- ^wuvj[n) + b 

dw, 
(2.30) 

Here v¡(n) is the ith element in the input vector V(n) in the nth iteration. From Eqn. 

(2.30) the following equations follow: 
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de(n) 

Mi 
= -v/n) (2.31) 

and 

de(n) 
= -1 (2.32) 

db 

These results form the learning rule and can be written in the matrix form as: 

W(n + l) =W(n) + 2îje(n)VT(n) 

b(n + \) =b(n)+2rje(n) 

where rj, the learning factor, decides the speed of convergence of the iterative procedure. 

If 77 is large, learning occurs quickly, but if 77 is too large it leads to instability and the 

errors may even increase. To ensure stable learning, the learning rate must be less than 

the reciprocal of the largest eigenvector of the correlation matrix [107]. 
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Chapter 3 

VARIABLE POLE-SHIFT LINEAR 

FEEDBACK CONTROL 

3.1 Introduction 

A general discussion on the use of recursive least square algorithm and neural 

networks for system identification is given in Chapter 2. ANNs have excellent 

approximation capabilities and produce impressive results in tracking a dynamically 

varying system or non-linear system. At the same time, RLS algorithmic method is 

conceptually understood and has a large body of theoretical results relating to stability 

and performance. Such features are difficult to derive (even though it is not impossible) 

in ANNs. Therefore a combination of the two techniques is desirable. 

In this Chapter an adaptive Pole Shifting (PS) control algorithm which combines the 

advantages of Minimum Variance (MV) and Pole Assignment (PA) control algorithms 

[108, 109] is described. 
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3.2 Pole-Shifting Control 

3.2.1 Background 

The M V control algorithms [41, 52, 53] optimize the system output response directly. 

They are fast, but are not easily susceptible to stability analysis of the closed-loop system. 

The PA control algorithm [56] places emphasis on the stability of the closed-loop system 

rather than the system output response directly. In this algorithm, the closed-loop poles 

are assigned to specific locations within the unit circle in the z-domain corresponding to 

the desired response and stability margin of the controlled system. With proper choice of 

the closed-loop poles it can yield satisfactory dynamic response. The algorithm can 

always assure closed-loop stability as long as the identified parameters converge to their 

true values and there are no control limits. However, it is not easy to choose suitable 

closed-loop pole locations, especially if the system operates over a wide range. Also, 

there is a conflict between the response speed and the stability of the closed-loop system. 

Both M V and PA algorithms have their unique strengths and weaknesses as shown by 

studies performed on the relationship between these algorithms [110]. Additional control 

algorithms have been developed in recent years to obtain more effective and flexible 

adaptive controllers. Among them, PS control algorithm described in [45, 91, 101] has a 

special characteristic that makes it suitable for APSS application. 

The variable pole-shift control algorithm self-searches the optimal value of the pole 

shift factor according to the performance index minimization. The performance index 

employs the M V criterion. Also, during optimization, the closed-loop poles are restricted 

to be within the unit circle in the z-domain for the stability of the closed-loop system. 
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Since no coefficients are needed to be tuned manually in this control algorithm, manual 

parameter tuning (which is a drawback in CPSS) is minimized. 

3.2.2 Concepts 

Consider the system shown in Fig. 3.1 is modeled by 

A(z-l)y(t) = B(Z-l)ui(t) + C(t) (3.1) 

where y(t), urft), Ç(t) are system output, system input and white noise respectively. A(z~'), 

Biz'1) take the form 

A(z _ 1 ) = 1 + axz~l +... + a¡Z-( + ...+anz~n" (3.2) 

B{z~x) = bxz'x +... + blZ~' +-+bnb z~n" (3.3) 

where na > rib + I-

u ref 
7\ U i > Controlled y 

System 
u 

Controller Controller 

Figure 3.1. A General System Model With a Feed-Back Control 
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Suppose the system parameters a¡, b¡ are fixed or obtained on-line using a system 

parameter identifier (RLS algorithm or ANN). The computation of the control signal u(t) 

using the PS algorithm[91, 111] is briefly described below. 

Assume the feedback loop has the form 

^1 = - ^ 1 (3.4) 
y(t) F(Z-1) 

where 

F(z~') = 1 + / ^ + . . . + ̂ - +...+fnzn' (3.5) 

G{z~x) = ga + gxz~x + ... + giz~' +...+8 nz-"s (3.6) 

and 

nf=nb-\, ng=na-\ (3.7) 

From Eqns. (3.1) and (3.4) the closed-loop characteristics polynomial T(z'*) can be 

derived as 

r(z"!) = A(z~i)F(z-1) + B(Z-x)G{z-1) (3.8) 

Unlike the P A control algorithm in which T(z~') is prescribed, the PS control algorithm 

makes Tfz'1) take the form of Aiz'1) but the pole locations are shifted by a factor a, i.e. 

A(z~l )F(z-1) + B(z-1 )Giz~l ) = Aia z"1) (3.9) 

Expanding both sides of Eqn. (3.9) and comparing the coefficients gives 
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1 O 
a, 1 

a. 

O a 
«a 

O 

or in a matrix form 

0 
0 

1 

a. 0 

0 

by 

"b 
0 

0 0 . a 0 0 . b gn 

"a "b ° ", 

0 
0 

8o 

^ ( a - l ) 
a2(a2 -1) 

0 

0 

M.w(a) = L(a) 

(3.10) 

(3.11) 

Parameters a¡ and ¿, are known or identified every sampling period. If a is known, 

Eqn. (3.11) can be solved for control parameters f¡ and g¡. Hence, control signal u(t) can 

be obtained from Eqn. (3.4). For optimum performance, it is desirable to modify a on

line according to the operating conditions of the controlled system. 

3.2.3 Taylor Series Expansion of Control Signal u(t) in Terms of a 

Control signal u(t, a), can be expressed in a Taylor series in terms of the factor a as 

i(t,a) = u(t,a0) + y)-
d'u(t,a) 

da' 
(a-aj (3.12) 

Equation (3.4) can be written as 

F(z-Ì)u(t,a) = -G(z-Ì)y(t) (3.13) 

Expanding Eqn. (3.13) and using Eqn. (3.11), control signal u(t,a), can be expressed 

as 

u(t,a) = XT

c(t)w(at) = XT

c{t)M-lL{a) (3.14) 

where 



is the measurement variable vector. 

The ith order differential of u(t,a) with respect to or becomes 

d'u(t,a) 

da' 
= XT(t)M-

d'Lja) 

da' 
X'c(t)M~lLa\a0) 

From Eqn. (3.11) and for simplicity, let cç, = 0, L(l>(0) becomes 

L ( , )(0) = [0 ... 0 i\a, 0 ... Of i<na 

where i!a¡ is the ith term, and 

L ( , )(0) = [0 ... Of i > n„ 

Defining the ith order sensitivity constant s¡ as 

1 d'u(t,a) 

da' 
= ^-X'c(t)M-1É'>(0)=p¡a¡  

if 

where p¡ is the ith term of the row vector Xc

T(t)Ml'. 

Equation (3.12) can be written in a simpler form as 
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Xc(t) = [-u(t-l) ... -u(t-nf) -y(t) - y ( i - l ) ... -y{t-ng)] (3.15) 

(3.16) 

(3.17) 

(3.18) 

i<na (3.19) 

"a 
u(t,a) = u(t,0) + ̂ sfic' (3.20) 

A 

3.2.4 System Output Prediction, y(t +1) 

At time t, the predicted system output y(f + l)at time (t+1) can be obtained if it is 

assumed that the control u(t, a) at time t is known. 

A 

The explicit form of y(r +1) is: 
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y(t +1) = Xj {t)P + bxu(t,a) + bxUref (3.21) 

where 

*,(0 = [-",('-!) - -u,(t-nf) -y(t) -y(t-l) ... -y(t-ng)} (3.22) 

is the measurement vector, u¡(t-j) is the system input, y(t-j) is the system output, 

P = [-b2 -b, ... -bnb a, a 2 ... a j (3.23) 

is an identified parameter vector, and Uref is the steady state system input reference (refer 

to section 3.2.6.3 for more details). 

A 

Substituting Eqn. (3.20) into Eqn. (3.21), system output predicted value y(t +1) can be 

expressed as a function of oras given below: 

y(t +1) = X] {t)P + bx[u{t,Q) + 2> fa' + Uref ] 
i=i 

(3.24) 

3.2.5 Performance Index and Constraints 

Taking the idea of M V control, the performance index is expressed as 

min J(t + l,a) = E y(t + V-yref(t+D (3.25) 

where yrej(t+l) is the system output reference. 

Substituting Eqn. (3.24) into Eqn. (3.25) and considering the independence between 

the white noise and other variables, the minimization of J(t+1, a) in terms of u(t, a) is: 

min j(t + l,a) = Xf(t)fi+bAu(t,0) + 2 ^ ' ' + Uref I - yref (t +1) (3.26) 

or equivalent to the minimization problem of a quadratic function: 
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min j(t + \,u(t,a)) = [xj{t)p + bxUref + bxu{t,a) - yref (t + l ) f (3.27) 
u(t,a) J J 

A 

In order to get a reasonable controller, when minimizing j(t + l,a) with respect to a, 

it should be noted that a would be subject to some constraints. First of all, the controller 

should keep the closed-loop system stable. It implies that all roots of the closed loop 

polynomial T(z'] ) = A(az1) should be within the unit circle in the z-domain. Supposing Xc 

is the absolute value of the largest characteristic root of Aiz1), then ccXc is the absolute 

value of the largest characteristic root of T(z~'). To assure the stability of the closed-loop 

system, drought to satisfy the following inequality (stability constraint): 

Another constraint that should be taken into account in controller design is the control 

limit. If Umin and are the lower and upper control limits respectively, the optimal 

solution of a should also satisfy the following inequality (control constraint): 

"a 

M m i n < « ( i , 0 ) + £ 5 , . a ' < M m a x (3.29) 
/=1 

Equations (3.26), (3.27) and (3.28) constitute the optimization of PS-control algorithm. 

The optimization idea is illustrated in Fig. 3.2 schematically. 

3.2.6 Properties of the PS Algorithm 

References [45, 91, 111] describe the properties of the PS-control algorithm in detail. 

Some of the key issues are highlighted here. 
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Figure 3.2. Schematic Diagram of Optimization 

3.2.6.1 Pole-Shift Factor, a 

Figure 3.3 shows the pole-shifting process. The essence of the PS-control algorithm 

lies in the fact that the nearer the closed-loop poles are to the center of the unit circle in 

the z-plan, the more stable is the system. The pole shift factor a achieves this goal, i.e., in 

closed-loop the open-loop poles are shifted radially towards the center of the unit circle 

without violating the control limits. 

In the proposed algorithm, the varying range of the pole-shifting factor a is (-1/AC, 

1/Ac). For different conditions, it acts in the following way: 
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Figure 3.3. Pole Shifting Process 

• The open-loop system is unstable (AC>1). When this control strategy is applied, it 

first behaves as a PA controller, places the largest closed-loop poles within the unit 

circle to assure closed-loop stability and then optimizes its performance. 

• The open-loop system is stable (ÂC<1). The range of (-1/XC, 1/XC) is larger than (0, 

1). It thus provides a more feasible area for performance optimization. 

Theoretically, it will result in a better performance. 
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3.2.6.2 Optimization Function 

A 

The performance index J[t + l,u(t,a)] (Eqn. (3.27)) is a quadratic function of the 

control u(t,a). There are only three possible locations for the control obtained by 
A 

optimizing J[t + l,u(t,a)] with only the stability constraint, for instance, points a, b, c 

shown in Fig. 3.4. When the control constraint is considered, the control at point a is 

within the control limits and thus can be applied to the controlled system directly. But the 

controls at points b and c are outside the control limits and cannot be achieved by the 

controller. It is also evident from Fig. 3.4 that the controls at points b'(Umin) and c (Umax) 

are the optimal substitutions for the controls at points b and c respectively. 

Figure 3.4. Illustration of Performance Index 
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A set of control versus pole-shifting factor curves at different sampling times is shown in 

Fig. 3.5. A l l control curves pass the a-axis at the point of a = 1.0 where the control is 

zero, which indicates the fact of no pole shifting and thus no control signal. Consider that 

the open-loop system is stable (1/XC > 1.0) and no optimal value of the pole shifting 

A 

factor GCopt is obtained by optimizing J[t + l,u(t,a)] with the stability constraint only 

(obviously -1/XC < Oopt < 1.0 or 1.0 < Oopt < 1/Àc). If the control u{t,aopt) is outside the 

limits [u(t,oCoPt)< Umin < 0 or 0 < Umax < u(t,OoPt)], when the control limit («m i„ or Umax) is 

applied to the system there must be a pole-shifting factor a w corresponding to the 

control. From Eqn. (3.20) the control u(t,a) is a continuous, single-valued function in 

u(t,cx) 
a 

Figure 3.5.Illustration of Control Signal 
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terms of the pole-shifting factor a. With the mean-value theorem of continuous functions, 

auna must satisfy 

which indicates that is within the range (-1/XC, l/Xc) and thus assures the closed-loop 

stability of the controlled system. The explanation is the same for the case of unstable 

open-loop system except that there needs to be a basic control effort to move the unstable 

poles into the unit circle in the z-domain and the control limits must be larger than this 

basic control effort. 

The above strategy simplifies the optimization scheme and reduces the optimization 

time. It indicates that if the control signal has to reach its limit, the best control signal for 

this situation is the control limit itself and more importantly the closed-loop system will 

not lose its stability under this condition. 

3.2.6.3 Steady-State Characteristics 

Suppose the open-loop system is stable (if it is not, mathematically, the following 

relation still holds). When it reaches steady state, the input and output (Eqn. (3.1)) have 

the following relation. 

(3.30) 

u 
A(l) 

(3.31) ref (open-loop) B(\) 

where 
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A(l) = l + f> , . , 5(1) = 1 + ¾ (3.32) 
/=1 ;=i 

System noise is not considered in Eqn. (3.31) because the emphasis is placed on the 

steady-state characteristics. 

When the system is closed-loop using the proposed controller, it can be proved that the 

relation between the input and output (Eqn. (3.1) and Eqn. (3.4)) under steady-state 

changes to the following form: 

u =

 A ^ y 
ref (closed-loop) B(1)F(Y) 

(3.33) 

where 

A(«) = l + ¿ a ( o r ' , F(l) = l + £ / í (3.34) 
f=i 

From Eqns. (3.31) and (3.32) it can be seen that the system output yre/ remains 

unchanged, the inputs uref(oPen-ioop) and ure#ciosed-ioop) are not equal if oris given a value other 

than 1.0. Their difference, called the extra input Auref, is exactly equal to the steady-state 

control signal uc(t)\s,eady.s,ate produced by the proposed controller with a pole-shifting 

factor a, i.e. 

Al<rey M ref (closed-loop) "ref (open-loop) 

G(l) 
— U(T) '^day-state— j?/-t\ 

(3.35) 

F(l) 

where 

GO) = £ ft (3.36) 
(=0 
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Equation (3.35) indicates that the extra input of the closed-loop system is used to 

support the controller, which shifts the open loop poles by a given factor a and thus 

changes the stability margin of the system. From another point of view, if the extra input 

Auref is given some value, there must exist a steady-state pole-shifting factor a so as to 

produce a steady-state control signal to match the extra input. Another important fact is 

that the extra input will not pass through the controlled system but instead it will be 

cancelled by the steady-state control signal at the summation point. In the proposed 

algorithm, this extra input is generated by the algorithm itself to achieve a given steady-

state Of. 

Another important point to note is that if the steady-state value of the closed-loop 

system is zero, the steady-state orean still not be prescribed to some specific value. In this 

case the noise becomes dominant at steady state and the proposed algorithm will find a 

of some optimal value to minimize the variance for each sampling point. Thus a keeps 

changing all the time. 

3.2.6.4 Dynamic Characteristics 

Under dynamic conditions caused by disturbances or changes in the operating 

conditions, the system output needs to be brought to its normal value or track the 

reference as quickly as possible. This requires a fast response from the controller. Once it 

senses a change in the operating conditions, the proposed control algorithm will shift the 

poles to appropriate locations with the unit circle immediately to yield an optimal control 

signal corresponding to the change. It acts like the minimum variance controller and 

possesses the quality of easy reference tracking. 
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3.2.6.5 Closed-Loop Stability 

From the previous sections it can be seen that the stability of the closed loop system 

has the highest priority in this algorithm. For a linear system that is identified by a model 

of the same order as the original system, as long as the identified parameters converge to 

their true value, this algorithm can guarantee the stability of the closed-loop system. 

However, for non-linear systems, for systems identified as lower order systems and for 

models of the same order as the linear system but whose identified parameters do not 

converge to their true values, the stability constraint in Eqn. (3.28) can be modified as 

follows so that the controller acts in a more cautious manner and satisfies a certain 

security coefficient 

- - f ( l-<7 )<a<- f ( l-<7) (3.37) 

where <7 is called the security coefficient and its value can be set at any desired value 

between 0% and 100%. 

3.2.6.6 Algorithm Flexibility 

In control applications, it is recommended that the algorithm be flexible as it 

determines its applicability to different systems. It is also desirable that dependence on 

outside interference in its execution be kept to the minimum. It is an established fact that 

the larger the number of controller coefficients that have to be tuned manually, the more 

difficult it is to apply to practical solutions. 

Even for the popular adaptive control techniques such as M V controller and PA 

controller, there are some weighting coefficients [83] or closed-loop pole locations [112] 

that have to be chosen carefully and tuned manually to yield the desired performance. 
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This requires the designer to have a good knowledge of the controlled system and a lot of 

time to get acceptable coefficients by trial and error. For a power system with a wide 

operating range, tuning the coefficients manually is very time-consuming and may be 

even impossible. 

In the proposed algorithm, if the parameters are identified accurately [109], there are 

no coefficients to be tuned manually because the stability constraint (Eqn. 3.28) can be 

applied directly. For the case of non-exact parameter identification, the stability 

constraint is modified as given by Eqn. (3.37). 

In Eqn. (3.37) the security coefficient c is the only coefficient that needs to be chosen 

manually. It should be noted that the security coefficient o does not affect the 

optimization results and the dynamic performance significantly if its value is not too 

large (say no more than 20%). It is found in [111] that the difference in the dynamic 

performance between the accurately identified system and the less accurately identified 

system with a 10% security coefficient is negligible. This would be another evidence of 

the robustness of the PS-control algorithm. 

The flexibility of the proposed control algorithm minimizes external intervention on 

the control system design procedure, simplifies the control equipment tuning in practical 

situations, relieves the designer of tedious, time-consuming tuning tasks and makes it 

more applicable to practical applications. 

3.2.7 Simulation Study 

The proposed control algorithm is applied to the following linear discrete system: 
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y(t) -\Ay(t-\ ) + l.0y(t-2 ) - 0.6y(t-3 ) = 0.5M(M ) + 01u(t-2 ) + 0.25u(t-3 ) + Ç(t) (3.38) 

A white noise (of amplitude 0.01) is added to the system. 

System output response, control signal, and pole-shifting factor are shown in Figs. 3.6, 

3.7 and 3.8 respectively when the system output reference is changed between +1 and -1 

in steps. A control limit of ± 2 is added to the control signal. It can be seen that the 

controlled system output follows the reference signal very quickly and almost exactly. 

When the controlled system reaches its steady state, the pole-shifting factor a converges 

to its prescribed value (zero in this case). 

1.5 

Controlled Output 
— Reference 

0.5 

O 
E 

CO 

-0.5 

1 

-1.5 
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Figure 3.6. System Response to Step Changes in Reference 
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Figure 3.7. Control Signal (Control Limits ±2) 
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Figure 3.8. Pole-Shifting Factor Variation 
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Chapter 4 

APPLICATION OF DUPLICATE APSS IN 

A SINGLE-MACHINE INFINITE-BUS 

POWER SYSTEM 

4.1 Introduction 

Power systems are non-linear systems and operate over a wide range. They are subject 

to random load changes that can be considered as a white noise disturbance. It is desired 

to develop a stabilizer that has the ability to adjust its own parameters on-line according 

to the environment it works in to yield satisfactory control performance. For a successful 

use of an adaptive stabilizer in power systems, the flexibility of the controller is a major 

advantage as it determines its applicability to different conditions. It is also desirable that 

dependence on the outside interference in its execution be kept to the minimum. It has 

been proved that the larger the number of controller coefficients that need to be tuned 

manually, the more difficult it is to apply to practical situations. 

In this chapter, A Duplicate APSS employing a self-optimizing pole-shifting control 

strategy and its application to a power system is described. Based on an identified model 

of the system, the control is computed by an algorithm that shifts the closed loop poles of 
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the system to some optimal locations inside the unit circle in the z-domain. The amount 

of the shift is determined by a pole-shifting factor calculated on line to minimize a given 

performance criterion. If the system parameters are identified accurately, there will be no 

need for any coefficients to be tuned manually. 

System parameter identification is very important for the successful application of the 

adaptive controller. Fast parameter tracking ability is preferred especially for time-

varying systems. Two identification methods, an RLS-Identifier with a variable forgetting 

factor and an ADALINE-Identifier, are used in the study. 

4.2 Self-Tuning Control 

An automatically adapting controller becomes a very attractive proposition where a 

real plant is changing with respect to time and/or little is known about the plant. Self-

tuning control, one form of adaptive control, employs a standard feedback controller 

loop, Fig. 4.1, in which the controller parameters are modified by the action of the overall 

self-tuning control algorithm. 

Essentially, the self-tuning control algorithm consists of two stages: first a fairly 

simple model of the plant, generally a third order model in the case of a PSS application 

is identified. The parameters of the model are updated regularly in order to make the 

model identical to the plant. Second, the updated parameters of the plant model are used 

in the controller to obtain an appropriate feedback control signal based on the assumption 

that the updated plant model parameters exactly define the plant. The full procedure is 

carried out during each sampling interval such that various steps of the complete 

algorithm can be written as: 
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(i) Sample plant output signal. 

(ii) Update system parameter estimates in a model of the plant using a recursive 

algorithm. Employ latest input and output signals in addition to a certain number 

of previous sampled values of the input and output signals. 

(iii) Obtain new controller values based on the updated plant-model synthesis. 

(iv) Calculate and apply the new control input based on the new controller values. 

(v) Prepare for the next recursion. 

(vi) Wait for the next sampling clock pulse before cycling to the first step. 

Plant 

Plant Model 

Model Parameter 
Identification 

Controller 

Figure 4.1. Block Diagram of a Self-Tuning Controller 
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4.3 System Configuration and Model 

In the proposed adaptive stabilizer, the generating unit is identified as a third order 

discrete model of the form: 

A(Z-1)y(t) = B(Z-iMt) + C(t) (4.1) 

where A(z _ 1) and B(z _ 1) are polynomials in the backward shift operator z"1 and are defined 

as 

A(z~1) = l + alz~ï+a2z~2+ a3z~3 (4.2) 

B(z~1) = biz~l+b2z~2+b3z~3 (4.3) 

and the variables y(t), u(t) and Ç(t) are the system output, system input and white noise 

respectively. 

The continual re-estimation of the plant model parameters, a, and b¡, is called recursive 

parameter estimation such that, at the commencement of each sample interval, the 

estimations obtained during the previous recursion are made available and form a startup 

point ready to be updated. Many different techniques exist for updating these parameter 

estimates. In this work, two identification techniques are used, the recursive least squares, 

RLS, identification algorithm and A N N identification. 

The controller synthesis stage can take any one of a number of different forms 

dependent upon the specified requirements of the controller and overall control objective. 

In this work, a variable pole-shifting control algorithm is used. 

The system under study is a single-machine connected to a constant-voltage bus 

through a double circuit transmission line as shown in Fig. 4.2. The sampling frequency 

is 20 Hz. The mathematical model and parameters of the generator, A V R and governor 

are given in the Appendix. 
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Figure 4.2. System Model Used in The Simulation Study 

4.4 System Identification 

Control is computed based on the identified model parameters. Thus, to compute the 

control appropriate to the operating conditions, system parameters have to be estimated 

on-line. Correctness of the identification determines the preciseness of the identified 

model that tries to reflect the system. For a time-varying system, the tracking ability of 

the identification method is very desirable. 

There are several methods that can be used to obtain an estimate for the model 

parameters. Two commonly used techniques of achieving a continuous tracking of the 

system behavior are used in this work, ANN-Identifier and the RLS parameter 
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identification methods. To enhance the ability of the RLS-Identifier to track the operating 

conditions of the actual system and to avoid the parameter burst-out, a variable forgetting 

factor is used to discount the importance of the older data. In the following sections a 

brief description of the methods used is given. 

4.4.1 RLS-Identifier 

The coefficients of the polynomials A(z _ 1) and B(z _ 1) in Eqn. (4.1) can be calculated 

recursively on-line using the RLS technique as described below. 

Rewrite Eqn. (4.1) in the following form suitable for identification: 

y(t) = eT(t)<p(t) + C(t) (4.4) 

0(0 = h a2 a3 bx b2 bj (4.5) 

<p(t) = [-y(t-\) - y ( f - 2 ) -y(t-3) u(t-l) u(t-2) M ( i - 3 ) f (4.6) 

where 6(t) is the parameter vector and (p(t) is the measurement vector. 

The system parameter vector 6(t) is calculated by using RLS technique with a variable 

forgetting factor using the recursive set of Eqns. (2.14 - 2.16) given in Chapter 2. 

The forgetting factor can be chosen as a constant or a variable. In this work, a variable 

forgetting factor is employed to improve the tracking ability especially under large 

disturbance. On-line calculation of the forgetting factor is given in Eqn. (2.18). 

Figures 4.3 and 4.4 show typical curves for the convergence of the identified 

parameters when the system given in Fig. 4.2 undergoes a three phase to ground short 

circuit fault in the middle of one of the transmission lines. 
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Figure 4.3. On-Line Variation of A-Parameters During a Three-Phase 
to Ground Fault (RLS-Identifier) 
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Figure 4.4. On-Line Variation of B-Parameters During a Three-Phase 
to Ground Fault (RLS-Identifier) 
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4.4.2 ANN-Identifîer 

An adaptive neural network consisting of linear adaptive neurons called an A D A L I N E 

is used to track the dynamics of the system. The A D A L I N E is modeled so that its weights 

have a one-to-one relationship with the A R M A parameters. The weights are updated 

adaptively at each sampling interval to determine dynamic characteristics of the actual 

system. The proposed A D A L I N E network has a simple architecture and is trained using 

the Widrow-Hoff delta rule [106]. 

Rewriting Eqn. (4.1) in a form suitable for identification: 

y(t) = 0T(t)ç(t) + Ç(t) (4.7) 

where 6(t) is the parameter vector and <p(t) is the measurement vector. 

0(r) = [a, a2 a3 bx b2 bj (4.8) 

(pit) = [- y(t-1) -y(t-2) -y(t-3) u(t-V) u(t-2) u(t-3)J (4.9) 

The A D A L I N E model shown in Fig. 4.5 is used as the identifier. It consists of a single 

Figure 4.5. A D A L I N E Network Model 
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layer and has one output linear neuron. The linear transformation (lin) calculates the 

neuron's output by simply returning the value passed to it as given in Eqn. (4.10) below. 

A 

APe(k + l) = lin(WV+b) = WV+b (4.10) 

In Eqn. (4.10), APe(k) is the active power deviation and u(k) is the PSS control signal, 

both at time step k. The output of the identifier APe(k+l) is the predicted active power 

deviation at time step k+1. b is the bias of the A D A L I N E . The input vector of the 

ADALINE-identifier is 

V=[APe(k) APe(k-\) APe(k-2) u(k) u(k-\) u(k-2)] (4.11) 

The cost function for the identifier is: 

7 ' = 2 
1 ' 2 

APe(k)-APe(k) (4.12) 

The Widrow-Hoff learning rule [81] is used to train the A D A L I N E . The learning 

algorithm adjusts the weights and biases of the A D A L I N E as given below so as to 

minimize this cost function. 

W(k + \) = W(k) + 2Ve(k)VT(k) 

b(K + 1) = b(k) + 2r¡e(k) 

where 7] is the learning rate and e(k) is the identification error. e(k) is given by 

e(k) = APe(k)-APe(K) (4.14) 

Equation (4.13) has the same form as [42] used to update the weights of the Least 

Mean Squares (LMS) filter [42]. The main difference between the two approaches 

(ADALINE-Identifier and LMS filter) is that the LMS filter weights are updated once 

during each sampling period, whereas the A D A L I N E weights and bias are updated many 
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times during each sampling period until a certain pre-specified tolerance for the 

identification error is approached. 

The proposed ADALINE-identifier has a linear structure. From Fig. 4.5 and Eqn. (4.7) 

it can be seen that the weight vector W has a one-to-one relationship with the system 

parameters 6 which can be used by the APSS in computing the control signal. 

The identifier goes through two stages of training, namely off-line and on-line 

training. In off-line training, first the identifier is trained using input-output data for a 

variety of operating conditions and disturbances. This data is obtained using the system 

described in Section 4.3 with a RLS- Identifier. The operating condition changes in the 

range of 0.3 pu to 1.1 pu power output and 0.75 pf lag to 0.9 p/lead. The disturbances 

used are the voltage reference and input torque reference disturbances and three phase to 

ground fault. The training is iteratively done until a pre-specified tolerance is met 

(MSE=0.0001). 

After the off-line training, the network is further trained on-line. At each sampling 

instant, the input and the output of the generator are sampled and the input vector to the 

identifier is formed as in Eqn. (4.11). The learning algorithm further adjusts the weights 

and biases so as to minimize the mean-squared error between the plant output, i.e., 

desired output, and the identifier. This process is repeated every sampling period making 

the training on-line, which in turn results in an adaptive approach to identify a plant. 

Figures 4.6 and 4.7 show typical curves for the convergence of the identified 

parameters when the system given in Fig. 4.2 undergoes a three phase to ground short 

circuit fault in the middle of one of the transmission lines. 
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Figure 4.6. On-Line Variation of A-Parameters During a Three-Phase 
to Ground Fault (ADALINE-Identifier) 

Figure 4.7. On-Line Variation of B-Parameters During a Three-Phase 
to Ground Fault (ADALINE-Identifier) 
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4.5 Control Strategy 

Once the system model parameters are identified, the control signal can be calculated 

based on the discrete model (Eqn. (4.1)). Assume the feedback loop has the form 

>-(0 F(r ' ) 

where 

F(z~l) = 1 + + f2z~2 (4.16) 

G(z-x) = gB + g,z-x + g2z-2 (4.17) 

In the PS control algorithm, the characteristic polynomial of the closed-loop system is 

assumed to have the same form as that of the open-loop system. Also in the closed-loop, 

the open-loop poles are shifted radially towards the center of the unit circle in the z-plane 

by a factor a. This implies the following equation: 

T(z~l) = A(z-l)F(z-i) + B(z-l)G(z-1) = A ( « f ' ) (4.18) 

Expanding both sides of Eqn. (4.18) and comparing the coefficients gives [45]: 

1 0 by 0 0 fy ax(a- -1) 

«1 1 b2 by 0 A a2(a2 -1) 
a2 a, b, b2 8o - a3(a3 -1) 
a3 a2 0 b2 8y 0 
0 a3 0 0 h. J2_ 0 

(4.19) 

or in matrix form 

(4.20) M.w{a) = L(a) 

If the pole-shift factor a is fixed, the PS control algorithm degenerates into a special 

case of the P A control algorithm. It is evident that the rule determining the pole-shifting 
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factor is very important. For optimum performance a is modified on-line according to the 

operating conditions of the controlled system. 

From Eqns. (4.15) and (4.20), the control signal u(t) can be expressed as a function of 

the pole-shifting factor a as: 

u(t) = XT(t)w(a) = XT(t)M~lL(a) (4.21) 

where 

X(t) = [-u(t-i) -u(t-2) -y(t) - y ( r - l ) - y ( r - 2 ) f (4.22) 

Full details of the controlling technique in addition to its properties and constrains are 

given in Chapter 3. 

4.6 Controller Start-up: 

New control is computed each sampling interval on the assumption that the updated 

system parameter estimate obtained by the system identifier is 'accurate'. This is carried 

out in the same way as an off-line procedure. However, in a self-tuning controller it is 

carried out recursively on-line. This means that while the model parameter estimates are 

good, the controller output is good, whereas if the model parameter estimates are bad 

then almost surely the computed control will be bad. This point is particularly important 

on controller start-up, in that the self-tuning control algorithm will work even if fairly 

arbitrary initial estimates are entered for the model parameter estimates. This may 

provide pretty violent control; however, the estimates will converge to their true values in 

a short-space of time. 



69 

To illustrate the above, some studies were performed on the system given in Fig. 4.2. 

A self-tuning controller with an identifier and variable pole-shifting control was 

connected to the system to function as a PSS, Fig. 4.2. 

The identification process was started at time Os with random model parameters and 

the results of the start up process are shown in Fig. 4.8. The sampling frequency used in 

this case is 20 Hz. It can be seen that: 

• The parameters converge in a short period of time and 

• The control in the initial start up period is varying between the limits. 
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To avoid such large variations in control in the initial period being applied to the 

generator, the control signal is initially held constant at zero or a very small value until 

such time that the model parameter values have converged. After that the controller is 

switched on. Results of this are shown in Fig. 4.9. 

To speed up the settling of the identified model parameters, it is possible to start with a 

set of reasonable initial values of the model parameters obtained from simulation studies. 

These will converge to the correct values very quickly after start-up as shown in Fig. 

4.10. 
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Figure 4.9. Parameter Identification Starting with Random Variables and 
Open-Loop Control 
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4.7 Duplicate Adaptive Power System Stabilizer (DAPSS) 

4.7.1 Introduction: 

Industrial applications require flexible, robust and efficient control systems. In 

important and sensitive applications, such as electric generators, it is common to apply 

duplicate controllers, one active and one standby, with a smooth transfer from one 

controller to the other in case of a failure of the active controller or other situations such 

as maintenance, etc. 

In the case of generators, it is normal to apply duplicate AVRs and power system 

stabilizers (PSSs). Input to the conventional continuous domain based devices is only the 

current value of the input variables and thus it is easy for the standby unit to start 

operation without causing a disturbance, in the normal parlance a 'bump-less transfer'. 

Even if these devices are implemented by digital techniques, the basic principle of 

operation remains the same. 

4.7.2 Duplicate APSS Change Over: 

Transfer from the active unit to the standby unit for a conventional PSS is relatively 

easy and causes no problems since its operation depends only on the current value of the 

system output. 

Rewriting Eqn. (4.1) as 

y(t) = -c^yit-iy^yit-iy^yit-Z) + bxu(t-\) + b2u(t-2) + b3u(t-3) (4.23) 



73 

It can be seen that, in addition to the current value of the system output, an APSS also 

requires the system output and controller output values for a certain number of previous 

sampling instants. 

For a smooth transition from the active controller to the standby unit, the incoming 

controller needs the inputs from the period before the transition. Considering the current 

time as 'r', the required data is: 

• Previous system output values, y(t-l), y(t-2), y(t-3) in addition to the current 

output value y(t). 

• Previous controller output values, u(t-l), u(t-2), u(t-3). 

If the incoming unit is started with random model parameter values, it will initially 

generate widely varying control similar to that shown in Fig. 4.8. The control will settle 

after the model parameters have converged to their proper values. This can cause system 

disturbances. To avoid this, alternative approaches have been studied and the results of 

these studies are described below. 

4.7.3 Proposed Change Over Procedure: 

In the self-tuning algorithm, the constituent of primary concern is the model parameter 

identifier. Two approaches for parameter identification are discussed below. 

4.7.3.1 RLS-Identifier: 

Using the same algorithm as above with RLS identifier, start the identification 

procedure with a set of reasonable initial values of the model parameters. These values, 

stored in the standby controller memory, can be either those obtained from off-line 
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simulation studies or updated values transferred at regular intervals during normal 

operation from the active controller to the standby controller. 

Two APSSs with RLS identifier were connected to the single machine system shown 

in Fig. 4.2. With the system operating at steady state, a change over is made from the 

active controller to the standby controller at 8s and the results are shown in Fig. 4.11. In 

this case, the previous sampled values of the system input and output, were available in 

the memory of the standby unit. The memory was updated continuously with the latest 

values. It can be seen from Fig. 4.11 that the change over is smooth with no disturbance 

to the system. 
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4.7.3.2 Neural Network Identifier 

In this approach an A D A L I N E neural network based identifier, Fig. 4.5 is used instead 

of an RLS identifier. The A D A L I N E is modeled so that its weights have a one-to-one 

relationship with the parameters of the system model, Eqn. (4.1). This overcomes the 

"black-box" like description of the A D A L I N E and the information is analyzed at each 

sampling interval to track the changes in the controlled system. 

The ADALINE-identifier is initially trained off-line and its weights are modified on 

line to track the system operating conditions. The trained A D A L I N E in the standby unit 

will provide a good startup point for identification similar to the RLS procedure with a 

set of reasonable initial parameter values. The A D A L I N E requires the same sampled 

values of the system input and output as for the RLS identifier. 

Two APSSs, each with a trained A D A L I N E as the identifier and pole-shift control 

algorithm, were connected to the system in Fig. 4.2. At 8s a change over was made from 

the active APSS to the standby APSS and the results are shown in Fig. 4.12. In this also, 

the change over was smooth. 

4.8 Additional Simulation Studies 

The performance of the duplicate APSS with the proposed RLS-identifier and 

ADALINE-identifier is investigated further on a synchronous generator connected to a 

constant voltage bus through two transmission lines (Figure 4.2). An IEEE Standard 

421.5, Type STIA A V R and Exciter Model is used in simulation studies. The active 

power deviation, AP e(k), is sampled at the rate of 20Hz for parameter identification and 

control computation. Sampling frequencies above 100Hz provide no practical benefit and 
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Figure 4.12. System Response and Parameters Variation During APSS 
Change-Over (ADALINE-Identifier) 

the performance deteriorates for sampling rates under 20Hz. A sampling rate of 20Hz is 

chosen to make sure that there is enough time available for updating the RLS algorithm 

and A D A L I N E weights and control computation. The absolute physical limits for the 

control output are 0.1 pu. The control output is limited to 0.1 pu. 
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4.8.1 Normal Load Conditions 

A test at full load with initial conditions of 0.9 pu power and 0.8 pf lag is conducted. A 

disturbance of 0.1 pu step increase in input torque is applied at Is, then removed at 8s. A 

change over from the active controller to the standby unit is done at 5s. The system 

response and parameters variations are shown in Fig. 4.13 (RLS identifier) and Fig. 4.14 

(NN identifier). The results show that the change over is smooth. In addition, the system 

performance is approximately the same for both the RLS identifier and the N N identifier. 

Figure 4.13. Parameter Variation and System Response Under Full Load 
Condition (RLS-Identifier) 
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Figure 4.14. Parameter Variation and System Response Under Full Load 
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4.8.2 Light Load Conditions 

In this test, the initial conditions are 0.3 pu power and 0.8 pf lag. A disturbance of 0.1 

pu step increase in input torque is applied at Is, then removed at 8s. A change over from 

the active controller to the standby unit took place at 5s. The system response and 

parameters variation are shown in Fig. 4.15 (RLS identifier) and Fig. 4.16 (NN 

identifier). In this case also the performance for both identifiers is approximately the 

same with a smooth change over. 
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4.8.3 Leading Power Factor Load Conditions 

The behavior of the proposed controller is also investigated under leading power factor 

condition with initial conditions of 0.7 pu power and 0.9 pf lead. A disturbance of 0.1 pu 

step increase in input torque is applied at Is, then removed at 8s. A change over from the 

active controller to the standby unit is done at 5s. The system response and parameters 

variation are shown in Fig. 4.17 (RLS identifier) and Fig. 4.18 (NN identifier). As seen 

in these figures, the change over is smooth and the parameter convergence is fast. 
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Figure 4.17. Parameter Variation and System Response Under Leading 
Power Factor Load Condition (RLS-Identifier) 
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Chapter 5 

Control Limits Considerations 

5.1 Introduction 

Consideration of control limits in the design of a discrete control system and their 

impact on system performance is discussed in this Chapter. The mechanism of how the 

control limits influence the closed-loop system behavior is investigated using an 

approach different than that commonly adopted in the literature. 

Theoretical analysis in this Chapter reveals the effect of control limits in the form of a 

short-term behavior of the controlled system. This phenomenon is investigated by 

introducing a concept of 'short-term behavior index'. With the introduction of 'dynamic 

control limits', an effective discrete control system design method is proposed to handle 

this problem. 

The ultimate objective for a control system, no matter how it is designed, is to be used 

successfully in practical situations. Thus, practical factors which may be encountered 

when the controller is implemented ought to be considered to ensure that the practical 
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results do not deviate from the theoretical results too much. In this way, one can have 

enough confidence in predicting the results without many simulation studies or field tests. 

It is almost impossible to consider all factors at the stage of the controller design, 

especially when the controlled system is a time-varying stochastic system. However, the 

main factors, which have a dominant influence on the closed-loop performance, can be 

taken into account to eliminate the possible disadvantages which may arise if these 

factors are not considered in the controller design. 

Control signal amplitude constraint, i.e. control saturation, exists in nearly all practical 

control systems because, from the energy point of view, there is no such signal whose 

energy is infinite. In this dissertation, this constraint is called control limit. It is also well 

known that the control limits have a significant effect on the closed-loop system 

performance. It is, therefore, desirable to study how the control limits influence the 

closed-loop system behavior. There are other reasons which also make the consideration 

of the control limits in the controller design necessary. 

For the performance index based control algorithms with the control signal constrained 

by a hard limit, a phenomenon, called 'short-term behavior phenomenon', commonly 

exists for the controlled systems. This phenomenon is studied in this Chapter and a 

control algorithm is proposed to overcome this undesirable phenomenon. 

5.2 Consideration of Control Limits 

Some important considerations in relation to the control limits are: 

• A very large control signal may cause damage to the equipment. 
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• The servo device may get saturated if the amplitude of the control signal is too 

large. In that case the dynamic performance deteriorates. 

For some adaptive control algorithms [113, 114], a weighting coefficient must be 

introduced in the performance index to avoid the possibility of closed-loop instability 

caused by the inaccuracy of the system parameter identification when used with a non-

minimum-phase system. This results in a reduced control signal. 

The above points show that the consideration of control limits in control system design 

is very important and necessary to yield a satisfactory closed-loop performance. Although 

a number of investigators have studied this problem [91, 111], further investigations are 

still required to understand the mechanism of control limits. To design a controller 

considering the control limits is not an easy task because, even for a linear controlled 

system, the whole problem becomes nonlinear and the complexity increases with the 

introduction of control limits. 

In the linear control design techniques, there are two commonly used methods to 

consider control limits. One method employs weighting coefficients or polynomials and 

the second uses cut-off. 

The use of weighting coefficients or polynomials in the performance index for the 

design of an adaptive controller can yield good dynamic performance for certain 

operating conditions and disturbances, but it is very complicated and time-consuming. 

In the cut-off method, a hard limit is put on the control signal computed by the control 

algorithm without considering the limits at the controller design stage. This method is 

commonly used in the control algorithms that put emphasis on the improvement of 

closed-loop system stability, such as the pole assignment control algorithm. If the control 
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limits are not considered at the design stage, performance with the bounded control will 

be unpredictable and may even result in unstable closed-loop response. 

The use of the cut-off method to constrain the control signal is very simple, but there 

may be some risks in this method because the closed-loop stability cannot be guaranteed 

and the dynamic performance may not be as good as desired. A control algorithm that 

retains the individual advantages and eliminates the drawbacks of these two approaches 

would very effectively handle the control limits in the design of adaptive controllers. 

Such an algorithm is discussed in this Chapter. 

5.3 Short-term Behavior Phenomenon 

Consider a discrete system described by the equation 

A(z~l )y(t) = B(z~l )u(t)+ £(f) (5.1) 

where y(t), u(t) and £(t) are the system output, system input and white noise respectively. 

A(z _ 1) and B(z _ 1), the system polynomials in terms of the back shift operator z"1, are of the 

form 

A(z ~l ) = 1 + axz'1 + axz~l + .... + a„a z"1 (5.2) 

B(zl ) = t\zA + b2zx +.... +bnb z"b (5.3) 

and na and rib are the orders of the system polynomials Aiz'1 ) and Biz'1 ). 

If it is required that the system output follow a reference signal as close as possible, a 

performance index should be defined to measure the closeness between the system output 

y(t) and the reference y/rj . A commonly used total performance index that has a direct 

physical significance is: 
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JA^it,N) = f}y(t)\u^-yr(t)} (5.4) 
/ = i 

where N is the number of samples, and w/,mif is included in the notation Jjfuumit, N) to 

indicate that the performance index is a function of the control limits. If the control signal 

calculated by the minimization of the performance index /jrfM/ i m i¿ N) exceeds uumit, it is 

limited to u/,m i i. 

Using the minimum variance control strategy, the following one-step forward 

prediction performance index is minimized every sampling period to get the control 

signal u(t): 

where y(t + Y) is the system output predicted value for time (t+1) based on the known 

information at time t and is a function of the control signal u(t). 

The control signal u(t) is not included directly in the performance index in Eqn. (5.5), 

and thus the control signal is not constrained. Theoretically, suppose that a control signal 

of any desired amplitude can be obtained to meet the demand of minimizing the 

performance index, Eqn. (5.5). Then, the total performance index, J j i n Eqn. (5.4) will be 

the minimum value over N sampling periods. If now the control is limited by using the 

cut-off method, from common sense one may expect the dynamic performance of the 

closed-loop system to get worse with decreasing amplitude of the control limits. 

Similarly, if the control limits increase, the dynamic performance should be improved. 

This control signal is called 'short-term control signal', and the phenomenon caused by 

this signal is called 'short-term behavior phenomenon'. 

2 
mmj[t + l,u(t)]=E y(t + l)-yr(t + \) (5.5) 

A 
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5.4 Multi-Step Predictions 

It is suggested in the previous section that the performance index be modified to 

eliminate the undesired short-term behavior phenomenon. Multi-Step prediction of the 

controlled system is necessary to design a controller which considers the system output 

predictions over a wider horizon to overcome the short-term behavior phenomenon. 

In the existing multi-step prediction control methods [115, 116], all the multi-step 

predictions of the controlled system output are used to form only one performance index. 

Thus, in order to yield desired control results, weighting coefficients or polynomials have 

to be used and carefully chosen to coordinate the importance of the multi-step 

predictions. To consider the control limits, control signals have also to be included in the 

performance index. Even though the controller designed from minimizing the multi-step 

prediction performance index will exhibit good tolerance with the system or parameter 

noise, the choice of the weighting coefficients or polynomials still remains a problem. 

To avoid using the weighting coefficients or polynomials in the performance index, a 

set of performance indices without any weighting coefficients or polynomials is used in 

this Chapter to design the controller. It does not mean that the importance of the multi-

step predictions and the control limits are not considered. Actually, they are considered in 

a totally different way in the technique described below. 
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5.4.1 m-Step Forward Prediction y(t + m\t) 

In general, it can be shown that m-step forward prediction of the system output 

A 

y(t + m\t) has the following compact form if all the system outputs y(t+l), y(t+2), 

A A 

y(t+m-1 ) after time t are substituted by their predicted values y(t +111), y{t + 211), ...., 

y(t + m-\\t) respectively [117]: 

y(t + m\t) = XTJt)Pm + J^b^uit + CJt) 

m = 1,2,....,¾ 

where XT

m (t), the measurement vector of the system, is 

(5.6) 

XTJt) = [-u(t-l)-u(t-2)... -u(t-nb+m) 

-XUt)Pm_x... -Xlm -y(t)... -y(t-na+m)] 
(5.7) 

/5m, the system parameter vector, is 

Pm = [-bm+i -bm+2 ... -bnb a, a 2 . . . a„o ] (5.8) 

{bj(m)} are the weighting coefficients for the control signals {u(t+j-l); j = 1, 2, m} 

and can be calculated by the recursive formula 

m - l 

1 m J ] 

ui ~ ui-\ i = 2,3,...,m 

m = 1 

(5.9) 

and Çm(t), the noise term of the system, is 

m - l 

C ( o = ^ + m ) - S « , C - ( ( o 
i = i 

(5.10) 



90 

5.4.2 Multi-Step Performance Index 

A 

The m-step prediction of the system output y(t + m\t) in Eqn. (5.6) shows that the 

output y(t+m) at time (t+m) is determined by its previous control signals u(t+m-l), 

u(t+m-2), u(t). Thus, not only the immediate conditions but also the future situations 

should be taken into consideration in the design of a proper control signal, u(t). 

Suppose y,( t+m) is the system output reference setting for time (t+m). A dynamic 

performance index set can be formed by employing the idea of minimum variance control 

as follows: 

(5.11) 
j[t + m,u(t + j-l)\j = l,2,...,m]=E y(t + m\t)-yr(t + m) 

m = \,2,...,nb 

Considering that the noise terms in the system output prediction are irrelevant to the 

system inputs and outputs, the minimization of the following performance index set 

having a quadratic form is equivalent to the minimization of the performance index set 

described in Eqn. (5.11). 

n2 
m 

7„(i + m) + £ è ; m )

U ( i + i - l ) (5.12) 
j[t + m,u(t + j -í)\j = l,2,-,m] = 

m =l,2,...,n f c 

where 

J0(t + m) = XTJm-yr(t + m) (5.13) 

is a constant. 

Theoretically, the perfect control signal u(t) computed at time t should minimize all 

performance indices in the performance index set in Eqn. (5.12). However, the control 

signal u(t) is not the only variable that needs to be determined. When minimizing the 
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performance index set, the future control signals u(t+l), u(t+2), u(t+m-l) also have 

to be considered. This makes the design procedure very complicated and impractical. A 

concept of 'dynamic control limits' is introduced to solve this problem and more details 

are given in section 5.5.2. 

5.4.3 Short-Term Behavior Index 

Consider that the system of Eqn. (5.1) is a second order system. For this system the 

following performance indices, for the one-step and two-step forward predictions 

respectively, can be obtained by using the general performance index formula in Eqn. 

(5.12): 

j[t +1, w(0] = [J0 (f +1) + bxu(t)]2 (5.14) 

j[t + 2,u(t),u(t +1)] = [Ja(t + 2) + bxu(t + 1) + (b2 -axbx)u(t)]2 (5.15) 

where J0(t+1) and J0(t+2) are constants as defined in Eqn. (5.13). 

The performance index in Eqn. (5.14) is widely used to design a minimum variance 

controller. The performance index in Eqn. (5.15) indicates that the dynamic performance 

at time (t+2) is determined by the control signals at times t and (t+1). Suppose u(t) has 

been determined by minimizing the performance index /[r + l,u(i)] theoretically to zero. 

In order to minimize the performance index j[t + 2,u(t),u(t +1)] theoretically to zero, the 

control signal at time (t+1) must be 

U(t + l) = -Jo(t + V _ A - a, )u(t) (5.16) 
bx bx 
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If the control signals are unconstrained, the performance indices in Eqns. (5.14) and 

(5.15) theoretically will be minimized to zero. When the control limits are considered, if 

the control signal u(t+l) calculated from Eqn. (5.16) exceeds the control limits, it is 

constrained to the control limits. In that case, the performance index in Eqn. (5.15) cannot 

be minimized to zero. For this reason, to achieve good total performance index J j , 

control u(t) cannot be calculated by minimizing the performance index /[r + l,«(r)] 

alone. Future performance indices should also be considered. Otherwise, the short-term 

behavior phenomenon will appear. 

The performance index j[t + 2,u(t),u(t + 1)] in Eqn.(5.15) is also affected by u(t). The 

larger the absolute value of the coefficient attached to it, the greater its influence on the 

performance index j[t+ 2,u(t),u(t+ Ì)], and the more severe the short-term behavior 

phenomenon will be. This coefficient describes the extent of the short-term behavior of 

the closed-loop system controlled by one-step forward prediction controllers. In [117], 

this coefficient is called the 'short-term behavior index' and is defined as follow 

5™ = hf-a, (5.17) 

where ai, b¡, and bi are the system polynomial elements described in Eqns. (5.2) and 

(5.3). 

5.4.4 Generalized Short-term Behavior Index Formula 

In general, the ith short-term behavior index for the controlled system in Eqn. (5.1) can 

be defined by the recursive formula 
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(5.18) 

where 61] is defined as 1.0 

By using the short-term behavior indices, the general form of the performance indices 

in Eqn. (5.12) can be re-written as 

j\t + m,u(t),u(t + j -1)1 j = l,2,...,m] = 

m = 1,2,...,7¾ 

Equation (5.19) is very important because it clearly illustrates the relationship between 

the dynamic performance indices and the short-term behavior indices. The important 

features of this equation are highlighted below [117]. 

Equation (5.18) shows that the short-term behavior indices are determined by the 

system parameters only. This indicates that the short-term behavior is an inherent 

characteristic of the controlled system. For most systems, it is impossible that all the 

short-term behavior indices {Sl)\i = 1, 2, rib} be zero, and thus the short-term 

behavior phenomenon will exist more or less. If all the short-term behavior indices are 

zero, it can be shown very easily from the definition of the short-term behavior index that 

the poles and zeros of the controlled system are exactly the same and thus they will be 

cancelled. A controlled system which has the property of all short-term behavior indices 

being zero is not a dynamic system and is beyond the scope of discussion here. Hence, it 

can be said that the short-term behavior phenomenon is a commonly existing and 

inherent characteristic of the controlled systems if the performance index which is based 

on one-step forward prediction only is used to design the controller. 

in 

J0(t + m) + bx^6(Du(t + m- j) (5.19) 
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5.5 Predictive Control Schemes 

In order to design a perfect controller which can eliminate the short-term behavior 

phenomenon and optimize the total performance index, Eqn. (5.11), the performance 

index set in Eqn. (5.12) has to be minimized to get the control signal u(t) at time t. It is 

not an easy task to achieve the full-scale optimization to get the control u(t) because the 

future control signals u(t+l), u(t+2), ..... u(t+m-l) are also included in the performance 

index set and they have to be considered. For an adaptive control algorithm, the amount 

of on-line computation time is very important for its successful practical application. The 

method of optimizing the performance index set directly to get the control u(t) must be 

simplified to reduce the on-line computation time. Theory and simplifications proposed 

in literature using 'receding horizon control' principle [70] and 'dynamic control limits' 

[117] are outlined here. 

5.5.1 Receding Horizon Control Principle 

This technique considers a cost function of the following form: 

t+n, t+nu 

= £ [ y ( * ) - y , ( * ) r + I X ( A M ( £ ) ) 2 (5.20) 
k=t k=t 

where ny is the range of future times for output predictions, nu is the range of future times 

for control signal predictions, y(t) is the system output and y,(t) is the reference trajectory. 

The second term in Eqn. (5.20) penalizes the excessive movement of the control signal 

and is called controller detuning. Xk is called weighting coefficient. 

Normally the maximum order of k is taken as the time period of the system [73]. Even 

though it is logical, the full-scale optimization may not be practical to achieve. In [111] it 
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is proposed that the maximum prediction horizon that should be possibly chosen is the 

order of the system model chosen (Eqn. (5.1)). The argument for this is as follows: If the 

order of the system is na, the first output that can be influenced by the control u(t) is 

y(t+na). Meanwhile disturbances are acting upon the process, so that if an optimal 

prediction of their effect at (t+na) is available at time t, the control u(t) can be chosen to 

neutralize them. 

The 'receding horizon control' technique can be summarized in the following steps: 

• Predict the system output over the range of future times, 

• Assume the future desired outputs are known, 

A 

• Choose a set of future controls, u, which minimize the future errors between the 

predicted future output and the future desired output, 
A 

• Use the first element of M as a current input and repeat the whole process at the 

next instant. 

From the above summary of the 'receding horizon' control algorithm, certain inherent 

drawbacks of the approach can be observed directly. Firstly, even if the prediction 

horizon is limited to the order of the system model, the number of optimization steps 

involved is time consuming. Secondly, the weighting coefficients are used to restrict the 

control. It is not easy to choose proper weighting coefficients so that the control is limited 

within the physical limits [umm, Umax]. A lot of time domain simulation studies have to be 

conducted to obtain suitable weighting coefficients. If the working environment and/or 

the operating conditions change, the weighting coefficients must be re-chosen to satisfy 

the control limits. Sometimes, it becomes a heavy burden for the control system 

designers. It negates the primary advantage of adaptive control (minimum operator 
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intervention) over conventional control. The self-tuning control has to be 'tuned' to 

achieve the desired performance. 

So, the use of weighting coefficients is not the best approach in predictive control 

scheme. The 'dynamic control limits' eliminate the two drawbacks discussed above. The 

procedure is described in the next section. 

5.5.2 Dynamic Control Limits 

In Eqn. (5.20), the most important variable at time t is the control signal u(t). Its value 

must be determined as quickly as possible so that it can be applied to the controlled 

system. It is not necessary to calculate the exact values of the future control signals 

u(t+l), u(t+2), u(t+m-l) along with the calculation of the control signal u(t) at time t 

by minimizing the performance index set in Eqn. (5.12). The most important point to note 

is that the future control signals are also under the control limit constraints. As long as 

they are guaranteed to be within the control limits while the control signal u(t) is 

calculated, the calculation of their exact values can be ignored. 

Again consider the second order system discussed in section 5.4.3. The performance 

index set contains two elements j[t + l,u(t)] and j[t + 2,u(t),u(t +1)] described by Eqns. 

(5.14) and (5.15). To simplify the control algorithm and reduce its on-line computation 

time, it is proposed that only the performance index j[t + l,u(t)] be minimized to get the 

control signal u(t) as in the present methods. However, the control limits for the control 

u(t) are not fixed at their absolute physical limits of [umin, Umax] but calculated on-line. 

Because the performance indices are quadratic functions in terms of the control signals 

u(t) and u(t+l), their theoretical minimum value is zero. So in order to minimize 
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j[t + 2,u{t),u{t + 1)] to zero and considering that the varying range for the control signal 

u(t+l) is [Umin, Umax], the control signal u(t) must satisfy 

u(t)e [u~,u2\ (5.21) 

u-=Min\-J°(t + 2 ) - ! ^ -Jo(t + 2 ) - ^ \ (5 22) 
2 j btSm ô w ' bxSm 5™] 1 } 

u+=Max\-J°{t +
 2 ) - ^ - J ¿ t + 2 > - » M * \ (5 23) 

2 j bxô{1) S™' bx8m 5{1)] ( } 

Equations (5.22) and (5.23) can be explained by using Fig. 5.1. The straight-line c-c in 

Fig. 5.1 is determined by setting the performance index j[t + 2,u(t),u(t + 1)] to be zero, 

i.e. 

J0 (t + 2) +1\ [ô(2)u(t) + <S(1)w(r +1)] = 0 (5.24) 

This straight line shows the relation that the values of the control signals u(t) and 

u(t+l) must obey to secure the performance index j[t + 2,u(t),u(t + lj] to be zero. 

Because the control signal u(t+l) is constrained within [Um¡n, Umax], the control signal u(t) 

must lie in the range of [u2,ul] to satisfy Eqn. (5.24). Otherwise, a larger control effort 

u(t+l) which is beyond the control limits is needed to make the performance index 

j[t + 2,u(t),u(t + l)] zero. 
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Figure 5.1. Demonstration of Dynamic Control Limits 

The straight-line c-c has a physical significance. Its slope is determined by the short-

term behavior index 62). If the short-term behavior index changes, line c-c will rotate. 

When \62)\ changes to a smaller value, the slope of the line increases and line c-c will 

rotate closer to the u(t) axis. This loosens the control limits [wj.Wj ] for u(t) and the short-

term behavior phenomenon lessens. Further, the value at which line c-c crosses the u(t) 

axis is determined by both the short-term behavior index S2) and J0(t+2). For a certain 
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time-invariant system, the short-term behavior index is fixed. But J0(t+2) is defined as a 

function of the system measurement vector in Eqn. (5.12), so it changes according to the 

changes of inputs and outputs of the closed-loop system. This makes the line c-c move up 

or down along the u(t) axis. It indicates that even though the controlled system is time-

invariant, the control limits [ « 2 , « 2 ] for u(t) are changing all the time due to the change of 

the closed-loop system states. 

Therefore, the control limits for the control signal u(t) at time t are set by the 

intersection of [um¡n, Umax] and [u2,ul]. They are called 'dynamic control limits' and 

denoted as [uXimi,,ulmit]. Denoting u\ = u„¿B and ux = wm a x for consistency of 

expression, the dynamic control limits [ " j j m A , "u m / i ] can be calculated as: 

For the general system described in Eqn. (5.1), with the increase of the performance 

index number in the performance index set in Eqn. (5.12), the control limit line c-c in Fig. 

5.1 becomes control limit hyper plane. Thus the calculation formula of the dynamic 

control limits [uhmit,u^mu] has the following general form 

2 
Km,-(."iLiJ = H K X l (5.25) 

K i m , X m , J = r i K X ] (5.26) 
m = l 

where 

«" = Min 

ut = Max 

J0{t + m) 1_ 

J,(t + m) 1_ 
bx5(m) S{m) 

m-l 

^S(i)u(t + m-i)\u(t + m- i) = u^or M, 
/=1 

V S(i)u(t + m — i)\u(t + m — i) = u^or ut 

i = l 

max 

max 

(5.27) 

(5.28) 
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The 'dynamic control limits' overcome the shortcomings of the receding horizon 

control principle as described below: 

• It does not take much time to compute the dynamic control limits each sampling 

period because the short-term behavior indices and the dynamic control limits can 

be calculated recursively. For the performance index with the quadratic form in 

Eqn. (5.14), if the calculated control signal u(t) ( = - J0(t+l)/b¡) is outside the 

control limits [wûm,(,WiJmiI], the control limit u¡im¡t or ulmit is the best control signal 

for this situation [59]. 

• The performance index in Eqn. (5.14) contains no weighting coefficients for the 

control signal u(t). This indicates that no weighting coefficients need to be chosen 

manually to secure the control signal within the given control limits, and therefore 

makes the controller more flexible. For a given controlled system, under any 

operating conditions and with any system output reference, the proposed controller 

will yield the best total dynamic performance for the pre-specified control limits 

\Mmini Umax]-

A 

It should be pointed out that the m-step forward system output prediction y(t + m\t) in 

Eqn. (5.6) is calculated under the assumption of time invariant system parameters {a,} 

and {£,}. For a fast time varying system, this may be inadequate (such as transients in a 

power system). However, for slow time varying systems (low-frequency oscillations in 

power system), this method is still applicable. 

file:///Mmini
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5.6 Simulation Study 

The performance of a duplicate APSS with dynamic control limits is investigated 

further on a synchronous generator connected to a constant voltage bus through two 

transmission lines (Figure 4.2). The absolute physical limits for the control output are 

O.lpu. 

5.6.1 Normal Load Conditions 

A test at full load with initial conditions of 0.9 pu power and 0.8 pf lag is conducted. A 

disturbance of 0.1 pu step increase in input torque is applied at Is, then removed at 8s. A 

change over from the active controller to the standby unit is done at 5s. The system 

response is shown in Fig. 5.2. The results show that the change over is smooth. The 
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system with a controller using dynamic control limits has a negligibly small higher over 

shoot (less than 0.01 rad) but settles somewhat quicker than the controller with hard 

limits but this difference is very small and can be neglected. 

5.6.2 Light Load Conditions 

In this test, the initial conditions are 0.3 pu power and 0.8 pf lag. A disturbance of 0.1 

pu step increase in input torque is applied at Is, then removed at 8s. A change over from 

the active controller to the standby unit took place at 5s. The system response is shown in 

Fig. 5.3. In this case also the system has a bump-less smooth change over. In addition, the 

over shoot difference is so small that it can be neglected (less than 0.01 rad). Also the 

system settles quickly. 
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Figure 5.3. System Response Under Light Load Condition. 
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5.6.3 Leading Power Factor Load Conditions 

The behavior of the proposed controller is also investigated under leading power factor 

condition with initial conditions of 0.7 pu power and 0.9 pf lead. A disturbance of 0.1 pu 

step increase in input torque is applied at Is, then removed at 8s. A change over from the 

active controller to the standby unit is done at 5s. The system response is shown in Fig. 

5.4. As seen in this figure, the change over is smooth and the system settles quickly. 

Although the system response has a higher over shoot, it is negligibly small (less than 

0.01 rad). 
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Figure 5.4. System Response Under Leading Power Factor Load Condition 
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Chapter 6 

Effects of Identified System Order on Controlled 

System Response 

6.1 Introduction 

A model of a system is a description of some of its properties suitable for a certain 

purpose. The model need not be a true and accurate description of the system, nor need 

the user have to believe so, in order to serve its purpose. 

The models may be of more or less formal character, but they have the basic feature 

that they attempt to link observations together into some pattern. System identification 

deals with the problem of building mathematical models of dynamical systems based on 

observed data from the system. 

In loose terms, a system is an object in which variables of different kinds interact and 

produce observable signals. The observable signals that are of interest are usually called 

'Outputs'. The system is also affected by external stimuli. External signals that can be 

manipulated by the observer are called 'Inputs'. Others are called disturbances and can be 
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divided into those that are directly measured and those that are only observed through 

their influence on the output. 

In power system stabilizer applications, the commonly used output signals are system 

speed, speed deviation, system output power, power deviation or a mix of these signals. 

Input signal is the stabilizing signal. 

Most of the adaptive power system stabilizer studies are based on a third order 

A R M A X identified model of the power system. In this Chapter, the effect of the 

identified system model order on the controlled system response is investigated. 

6.2 Selection of the System Model Order 

Selection of system model order mainly depends on the purpose of this model and the 

system dynamics present in the system. In the case of power system stabilizers, the model 

is needed to represent the low frequency oscillations. The question now is 'what is the 

appropriate order of the model'. A second order is not practical because it can only 

represent either a pair of complex poles, thus representing dominant low frequency input 

to the PSS or two real poles that represent the system response without oscillations. A 

third order is a sufficient representation for modeling the low-frequency oscillations. This 

is because a third order can usually represent a pair of complex poles for the oscillatory 

part of the system response, and a single pole, that represents the non-oscillatory part of 

the system response. If a fourth order is used, the system can usually be identified as two 

pairs of complex poles, one pair of complex poles and two real poles, or four real poles. 

Two pairs of complex poles can only represent the oscillatory part of the system 

response, two real poles seem unnecessary to represent the non-oscillatory part of the 
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system response, and four real poles cannot represent the oscillatory part of the system 

response, thus implying that a fourth order is not normally a good choice. 

From the discussion above it can be seen that a good choice for the system model 

order is an odd order equal to or higher than three. 

6.3 Simulation Results on a Single-Machine Infinite-Bus Power 

System 

The study is based on the system model described in Section 4.3. A third, a fifth, and a 

seventh order model are being used for the identified system model. Higher orders than 

seven are not used because it ' l l be impractical in real time applications. It will take a long 

time for identification and control signal computing processes as these two processes 

have to be done within the sampling time interval (in this study the sampling frequency is 

20 Hz). The performance of the APSS with the RLS-Identifier and the PS-Controller is 

investigated for different orders of the identified model under different loading 

conditions. 

6.3.1 Normal Load Condition 

In this test, with the generator operating at full load initial conditions of 0.9 pu power 

and 0.8 pf lag, a 0.1 pu step increase in torque reference is applied at 1.0s, then removed 

at 8.0s. The power angle response for a third, fifth and seventh order identified system 

model is shown in Fig. 6.1. The results show that as the identified system order goes 

higher, the system response gets better and the settling time gets much lower. 
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Figure 6.1. System Response Under Full Load Condition With Hard Control 
Limits 

6.3.2 Light Load Condition 

With the system operating under light load condition of 0.3 pu power and 0.9 pf lag, a 

0.2 pu step increase in input torque reference is applied at 1.0s, then removed at 8.0s. The 

disturbance is large enough to cause the system to operate in a nonlinear region. The 

system response for this nonlinear condition is shown in Fig. 6.2. As the higher order 

model fits the system, the controller gives a better performance than a lower order model. 

In addition the settling time also improves. 
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Figure 6.2. System Response Under Light Load Condition With Hard Control 
Limits 

6.3.3 Leading Power Factor Load Condition 

When the generator is operating at a leading power factor, it is a difficult situation for 

the controller because the stability margin is reduced. However, in order to absorb the 

capacitive charging current in a high voltage power system, it may become necessary to 

operate the generator at a leading power factor. It is, therefore, desirable that the 

controller be able to guarantee stable operation of the generator under leading power 

factor condition. 

With the generator operating at 0.6 pu power and 0.95 pf lead, a 0.1 pu step increase in 

torque reference is applied at 1.0s, then removed at 8.0s. The power angle response is 
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given in Fig. 6.3. The results show that the oscillation of the system is damped out 

rapidly using the seventh order model. With a lower system order like third order, the 

system couldn't even reach its final steady state response for that severe load condition 

under this test specified time. To show how much time the system needs to settle down to 

a new steady state operating point after the disturbance has been applied, the test time 

margins were expanded to give enough time to the system to settle when using each 

system model order. The results are shown in Fig. 6.4. The results show that, for a third 

order model it takes 17s to settle, a fifth order model takes 8s, and the seventh order 

model takes 3.7s. Not only the settling time is better but also the controller response is 

much better when a higher order model is used in the identifier as seen in Fig. 6.5. 
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Figure 6.3. System Response Under Leading pf Load Condition With Hard 
Control Limits 
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Figure 6.4. System Response Under Leading pf Load Condition With Hard 
Control Limits (2) 

Figure 6.5. Controller Response Under Leading pf Load Condition With Hard 
Control Limit 
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6.3.4 Fault Test 

To verify the behavior of the identifier under transient conditions, a fault is applied to 

the system. The initial operating conditions are 0.7 pu active power delivered to the 

infinite bus at 0.9 lagging power factor. A three-phase to ground short circuit fault is 

applied at 1.0s at the middle of one transmission line, the fault is cleared 100ms later by 

opening the breakers at both ends. The system retains its initial condition at 8.0s. The 

power angle response for a third, fifth and seventh order identified model is given in Fig. 

6.6. The result show that even with the high transient present in the system, the higher 

system order model still gives the best controller performance with the minimum settling 

time and power angle deviation. 

Figure 6.6. System Response to a Three Phase to Ground Fault at The Middle of 
One Transmission Line With Hard Control Limits 
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6.4 Dynamic Control Limits Consideration 

As seen in Chapter 5, considering dynamic control limits in the PS-Control algorithm 

improves the dynamic response of the controller and reduces the system settling time. 

Also, the results given in the Section 6.3 show that increasing the identified system order 

gives the same improvement that dynamic control limits (Chapter 5) give. 

In this section some investigations will be made to see the effect of considering the 

dynamic control limits with a higher identified system model order. 

6.4.1 Normal Load Condition 

In this test, the generator is operating at full load with initial conditions of 0.9 pu 

power and 0.8 pf lag. A 0.1 pu step increase in torque reference is applied at Is, then 

removed at 8s. Comparing the results given in Fig. 6.7 with those in Fig. 6.1, it shows 
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Figure 6.7. System Response Under Full Load Condition With Dynamic 
Control Limits 
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that using dynamic control limits improves the settling time of the system with a low 

order identified model. Also, the system response for a higher order identified model with 

hard control limits is close to the response of a system with dynamic control limits, i.e. 

when using dynamic control limits the system response for different identified model 

orders gets close to each other. 

6.4.2 Light Load Condition 

With the system operating under light load condition of 0.3 pu power and 0.9 pf lag, a 

0.2 pu step increase in input torque reference is applied at Is, then removed at 8s. Figure 

6.8 shows the power angle variation for a third, fifth and seventh order model. The results 

as expected show that the system response when employing different identified system 

model orders with dynamic control limits is close to each other but still higher order 

model gives a better performance. 
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Figure 6.8. System Response Under Light Load Condition With Dynamic 
Control Limits 
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6.4.3 Leading Power Factor Load Condition 

With the generator operating at 0.6 pu power and 0.95 pf lead, a 0.1 pu step increase in 

torque reference is applied at Is, then removed at 8s. The results given in Fig. 6.9 show 

that under a sever condition like leading power factor loading, with a higher system order 

the response is the best with a minimum settling time unlike the lower order that takes a 

very long time to settle to a steady-state value. Even when considering dynamic control 

limits, the time window size selected for running the simulation is still not sufficient for 

the system with lower order identified model to settle to a steady state operating point. In 

Fig. 6.10, the simulation time window is expanded to calculate the settling time for each 

model. The results show that the system with a third order model takes 12s to settle, a 

fifth order model takes 7s, and a seventh order model takes 3s. 
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Figure 6.9. System Response Under Leading pf Load Condition With Dynamic 
Control Limits 
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Figure 6.10. System Response Under Leading pf Load Condition With Dynamic 
Control Limits (2) 

6.4.4 Fault Test 

To verify the behavior of the identifier under transient conditions, a fault is applied to 

the system. The initial operating conditions are 0.7 pu active power delivered to the 

infinite bus at 0.9 lagging power factor. A three-phase to ground short circuit fault is 

applied at 1.0s at the middle of one transmission line, the fault is cleared 100ms later by 

opening the breakers at both ends. The system retains its initial condition at 8.0s. The 

power angle response for a third, fifth and seventh order identified model is given in Fig. 

6.11. The results show that the higher order model again has the best settling time. Also, 

the system response with a higher order identified model has the minimum overshoot. 
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Figure 6.11. System Response to a Three Phase to Ground Fault at The Middle of 
One Transmission Line With Dynamic Control Limits 

6.5 Discussion 

In this Chapter, simulation studies on a third, fifth and a seventh order identified 

system model are carried out and their results are given in Sections 6.3 and 6.4. The 

results given show that: 

• As the system model order goes higher, the controller response gets better. Also, the 

settling time of the controlled system gets better. 

• Using dynamic control limits improve the controlled system performance and 

settling time whether a high or a low order identified system model is used. In 

addition, a significant improvement is present when a higher order identified model 
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is used. Thus using dynamic control limits overcomes the shortcomings of using a 

low order identified model in the controller. 

Simulation results show that the identification and control computation time for the 

identifier model orders under study (third, fifth and seventh) can be done within the 

sampling time. 

The system response improves as the identified system model order increases from 

third to a seventh. Here a question arises, 'Wi l l the system response get better if the 

identified system model order gets higher than seven?' In order to answer this 

question, studies on orders higher than seven for the identified system model were 

carried out (a ninth and eleventh orders were used). The results shown in Fig. 6.12 

show that the best performance of the plant occurred for a controller with a seventh 

order identified model. This shows that if the order of the plant to be controlled is 

known, the best order for the identified system model is the same order as the order 

of the plant to be controlled. 

Power systems contain many sources that have a nonlinear effect on the system 

response (such as saturation effect). Theoretically, power plant could be considered 

to be of a very high order. To have a good response of the controlled plant, the 

order of the model order should be of as high as is feasible to complete the 

identification and control computation within the sampling period selected. 

In most studies, fifth and seventh order power system mathematical models are used 

as they give an acceptable approximation of the real power plant. A controller with 

a seventh order identified model employing dynamic control limits can give a good 

performance in real time applications. 
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Figure 6.12. System Response Under Full Load Condition. 
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Chapter 7 

Conclusions 

7.1 Conclusions 

The importance of using PS S in power systems is discussed in Chapter 1. Due to the 

nonlinear time varying characteristics of the power system, the current conventional 

fixed-parameter controllers (CPSS) pose operational challenges to the operator. The 

CPSSs have been found to be inadequate in performance at different operating 

conditions. The power quality and stability margin is sacrificed when the CPSS is not 

able to improve the performance at all operating conditions. In addition, the current 

interconnection requirements such as the need for increasing the line limits by using 

damping controllers on the system introduce difficulties in terms of retuning the existing 

PID controller parameters whenever a new generating unit is added to the system. It is 

quoted in [118] that over 90% of the controllers/regulators on existing power system 

control loops are of the PID type. A subject of debate [20] is the high-costs (in order of 

hundreds of thousands of dollars) power equipment manufacturing companies are 

charging in retuning the stabilizers. 

The dissertation focuses on the following primary issues: 

1. The first issue of investigation is how to develop a controller that can draw the 

attention of the control engineer. Control engineers are often faced with conflicting 

issues. The conventional PID controllers are inadequate in terms of performance 



120 

and the required manual tuning of the parameters. At the same time they are faced 

with scenarios where the alternative AI control techniques are too complex to use in 

practice because of the unavailability of information related to their internal 

working. This dissertation addresses this issue by attempting a compromise 

solution: use the A N N and RLS algorithm for modeling to the levels necessary, use 

the linear feedback controller (such as PS-Control [45, 91, 101]) because of its 

simplicity and acceptance. 

2. The second issue focuses on how to use a neural network to represent the dynamic 

characteristics of the power system. Although the techniques for on line adaptation 

are becoming fairly standard, in a real power system environment the demands 

placed upon adaptive estimation and control techniques can be extremely severe. A 

N A R M A X methodology is described for problem formulation. The parameters of 

the linear (PS) controller are obtained by linearization of the networks. This 

objective is possible in A D A L I N E because of the existence of a functional 

relationship in its internal structure. 

3. The third issue focuses on the PS-Control algorithm. A pole-shift factor a is 

introduced in the closed-loop polynomial. The optimal value of a i s found based on 

performance index minimization. The upper and lower bounds on a are also found 

by restricting the closed-loop poles within the unit circle in the z-domain for 

stability. Once the value of a is realized based on the above two criteria, it is 

substituted in the feedback control equations to find the control signal to be applied 

at the end of every sampling interval. The number of coefficients required to be 
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tuned in the PS-Control is nil. Hence the self-tuning property is achieved to its full 

extent. 

4. The fourth issue deals with the construction and development of a duplicate 

adaptive power system stabilizer. A practical procedure is described to get a smooth 

change over from the active APSS to the standby APSS when using both 

ADALINE-Identifier and RLS-Identifier. 

5. The fifth issue focuses on computer simulations results to verify the performance of 

a duplicate ADALINE-Identifier with a PS-Controller and a duplicate RLS-

Identifier with PS-Controller. Simulation results show that the proposed duplicate 

APSS is effective for smooth change over. 

6. The sixth issue deals with multi-step ahead optimization. A strategically useful 

control algorithm is one that minimizes future output deviations from the desired set 

point, whilst taking suitable account of the control sequence necessary to achieve 

this objective. While such an objective is not new, explicitly solving such an 

objective function in time-critical applications imposes serious restrictions. Two 

approaches, namely 'receding horizon control' and 'dynamic control limits' are 

proposed to simplify the calculations and make the goal reasonable. 

7. The final issue is to make a comparison of simulation results obtained when using 

different orders for the controller identified system model. It is shown that the best 

order for that model is the order of the system mathematical model. 



122 

7.2 Contributions of the Dissertation 

To the author's knowledge, the following list represents the original contributions of 

this dissertation with respect to power system modeling and control. 

• The design philosophy enunciated in Section 1.7 combining the ANN-Identifier and 

RLS-Identifier with PS feedback controller to form a duplicate APSS. 

• The practical steps to be considered for a smooth change over when employing a 

duplicate APSS for both RLS-Identifier and ADALINE-Identifier. 

• The programming steps for obtaining the 'dynamic control limits' for the APSS. 

• Importance of proper selection of Identifier model order to get a smooth control 

performance. 

• The Dynamic Control Limits have been investigated on different identified model 

orders used for modeling the power system. It is shown that if the order of the 

identified model is chosen properly (equal to the system mathematical model 

order), there is no need to use the dynamic control limits as the system response is 

the same when using dynamic control limits or hard limits. 

• Steps to properly choosing the identified model order to achieve a good response 

for the controlled system. 

7.3 Suggestions for Future Work 

The advantages of using duplicate APSS and proper selection of identified system 

model in PS-Control are demonstrated in this dissertation. The duplicate APSS based on 

ANN-Identifier/PS-Control and RLS-Identifier/PS-Control shows a smooth change over 

and a good transient performance and stability. 
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Based on the studies in this dissertation, the following issues are recommended for 

future investigation: 

7.3.1 Neural Network Performance Observation 

One of the primary reasons for the unpopularity of neural networks with practicing 

engineers is the presence of 'gray' areas in its structure that hide its internal 

characteristics from the outside world. 

The transparency of the ANN-Identifiers in terms of estimating model parameter from 

its internal weights is an encouraging development in this dissertation. Using the 

Graphical User Interface (GUI) it is possible to monitor the system parameters on-line. 

Developing a graphical tool with multiple windows capability with advance warning 

signals when parameters approach limits would be an interesting feature that can be 

developed. 

7.3.2 Integration of AVR and PSS Function 

In Chapter 4 it was demonstrated that using a duplicate APSS enhances the results 

compared to single APSS implementation. Combining A V R and APSS implementation 

would provide a direct vPlug and Play' excitation system for demonstration in the field 

and easy acceptance. 

7.3.3 Adaptability of the ANN-Identifiers 

It is demonstrated in Chapter 2 that ANN-Identifiers trained on one generating unit 

are capable of adapting to a different system. It would be interesting to perform such an 
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investigation on a multi-machine experimental setup available with utilities and applying 

the same A N N on different machines and verifying their adaptability and performance. 

7.3.4 Network Performance 

In the discrete model (Eqn. (2.1)) used in this dissertation, it can be seen that the 

model is reset at each step by substituting the true values. Any errors in prediction are 

therefore reset at each step and consequently a poor model may also yield reasonable 

predictions. It is recommended that Eqn. (2.1) be modified as follows: 

At) = f(y(t -1),..., At - ny),u(t - D,...Mt - "„)) (7-1) 

The output terms on the right-hand side are predicted not measured values. The 

prediction errors will become apparent as they will accumulate quickly. 

7.3.5 On-Line Model Order Selection 

In Chapter 6 it was demonstrated that the best controller response is obtained when the 

identified system model order is the same as the mathematical model order. It would be 

advantageous if a method was available to decide what order should be used for a 

physical system whose order is unknown. 

It is expected that the above future development areas will result in practical 

applications. This dissertation has laid the foundation for such a synergism of ideas. 
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Single Machine Power System 

1. The generating unit is modeled by seven first order differential equations given below 

8 = a>oa> (A.l) 

C0 = -^(Tm + g + KdSo-Te) (A.2) 

Xd=ed + rjd + coo (CO + \)Xq (A.3) 

¿? = e

q + rJv -a>,(o>+X)Xd (A.4) 

Xf=ef-rfif (A.5) 

^=-rJkd (A.6) 

^=~%% ( A - 7 ) 

2. The A V R and exciter combination used in the system is from the IEEE Standard 

P421.5-1992, Type STIA shown in Fig. A . l [119] 

3. The governor used in the system has the transfer function 

4. Parameters 

R a = 0.007 H = 3.46 R f = 0.00089 R k d = 0.023 

R k q = 0.023 X d = 1.24 X f = 1.33 X k d = 1.15 
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X m d = 1.126 

Kd =-0.0027 

Re = 0.05 

Rc = 0.0 

K c = 0.08 

T B = 10.0 

TBI = 0.0 

V M A X = 999 

VRMAX = 7.8 

a = -0.001328 

X q =0.743 

Xe = 0.60 

X c = 0.0 

K F = 0.0 

T c = 1.00 

Tei = 0.0 

V M I N = -999 

VRMBM = -6.7 

b = -0.17 

X k q = 0.652 

T R = 0.04 

K L F = 0.0 

T A = 0.01 

VOEL = 999 

V A M A X = 999 

T e = 0.25 

X m q = 0.626 

K A = 190 

ILR = 0 

T F = 0.0 

V U E L = -999 

VAMIN = -999 

A l l resistances and reactances are in pu and time constants in seconds 

Figure A . 1 A V R and Excitation Model Type STIA, IEEE Standard 
P421.5-1992 




