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ABSTRACT 

Power generation dispatch has a major impact on the economics of power system 

operation. Power generation dispatch includes unit commitment and economic 

dispatch. Many techniques have been applied to power generation dispatch to get 

better solutions. Many of these techniques suffer from natural complexity and 

converge slowly. Therefore there is a need to develop more accurate and efficient 

algorithms. This research aims to identify and investigate neural network structures 

suitable for applications to power generation dispatch problems. Neural networks 

applicability requires us to answer three important questions: that of size of power 

system (with more than 20 generators); the efficiency of the computational method; 

and how to handle constraints. An efficient algorithm for power generation dispatch is 

developed using the Hopfield neural network. The new mapping process is formulated 

and a computational method for obtaining the weights and biases is described for the 

Hopfield neural network. 

Various approaches that have been applied to economic dispatch and unit commitment 

problems are reviewed. The proposed method is applied to unit commitment, which is 

a mixed integer programming problem, unconstrained economic dispatch, economic 

dispatch with transmission capacity constraints, multi-area economic dispatch and 

security dispatch problems. 

The objective is to optimize the parameters such as problem size and computational 

time. The results show that the Hopfield neural network is capable of being applied 

successfully to power generation dispatch problems for large systems. The proposed 

method has achieved efficient and accurate solutions for different sizes of systems 

having between 3 and 240 units. The average error incurred is less than 0.4% for large 

systems. Future work is proposed and discussed. 
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CHAPTER I 

INTRODUCTION 

The basis of power system operation and economics in the World is undergoing major 

structural changes. The economists are examining alternative ways to manage electric 

power system operation to improve economic efficiency. A major focus of this search 

is `competition' as a replacement for `monopoly'. Economists believe that electricity 

pricing must be governed by free market forces rather than by a regulated 

environment. This should reduce customers' costs. 

Competition is being introduced in all aspects of power system operation. Power 

transmission is being considered as a transportation business to move the greatest 

amount of energy at the minimum marginal cost. In the new model, electricity has 

been treated as a commodity and thus can be bought and sold in the commodity 

market. 

The attempt to deregulate the power industry has affected, and will significantly affect, 

the optimization of power system operation. The operators require and will require 

more efficient and faster algorithms for real-time implementation. The idea of free 

market electricity is expected to encourage more market players, increasing the 

dimensions of power system optimization problems. Classical optimization techniques 

are inadequate for handling the problems that have a high dimension. Considering the 

complexity of the problems, searches for new and better computational techniques 

have been done and will continue. 
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Power system planning and operational planning are very important issues because of 

the economics of power system operations. Power system planning involves long-term 

system planning for a 1-20 year study period such as generation (expansion) planning 

which determines the most economical generation expansion program needed to 

achieve a certain reliability level according to the forecast of increasing demand for a 

certain period of time [1]. On the other hand, the term "operational planning" carries a 

wide range of meaning. For some utilities it means mainly short-term planning 

operations covering a time period of up to one month. The short-term tasks include 

load forecasting, unit commitment, economic dispatch, optimal load flow studies, 

hydro-termal coordination, pricing, fuel allocation, security dispatch and security 

analysis. For other utilities, operational planning is given a wider context which 

includes short-term and also medium-term planning activities covering a time period 

of 1 to 48 months. The medium-term tasks include maintenance scheduling, fuel 

budgeting, network configuration planning and others [1,2]. The main goal is for the 

utility to be able to meet system demand with some level of reliability and quality at 

the cheapest possible cost. 

Unit commitment (UC) and economic dispatch (ED) are standard functions of Energy 

Management Systems. These are challenging problems which utilities have to solve on 

a regular basis. The unit commitment and economic dispatch problems of power 

system operation consist of minimizing the operating costs depending on demand and 

on the physical limitations on the power system and on the individual units. The task 

concerning unit commitment is to find the best combination of starting up and shutting 

down of generators for time ranges from 24 to 168 hours so as to minimize the total 

operating cost. Economic dispatch is to determine the optimal share of load demand 

for each unit in the range of 3 to 5 minutes [2,3,4,5,6,7,8]. The main difference 

between unit commitment and economic dispatch is that the unit commitment task is 

to choose a number of units from m available units which would satisfy the expected 
demand, assuming that there are n units already connected to the system for the 
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economic dispatch problem. The difficulties related to unit commitment are therefore 

more complex than those concerning economic dispatch. The solution procedures of 

unit commitment include those of economic dispatch as a subproblem. The most 

computationally intensive part of a unit commitment program is economic dispatch. 

1.2 Optimization 

The unit commitment problem can be classified as a mixed integer and non-linear 

optimization problem. The economic dispatch problem can be also classified as a non- 

linear optimization problem. The complexity of these problems increases noticeably 
may 6a 

with the number of units. The problems complicated by size and by the nonlinear 

nature of the objective function and by the constraints of the real life problems. It 

would be desirable to be able to run an on-line ED several times per hour. For 

optimality of the power system, it is preferable to focus on developing algorithms that 

are incrementally correct and flexible to provide very fast and frequent scheduling. 

Many techniques have been applied to these problems to get better solutions. Classical 

techniques require very many calculations. Some of the new methods such as those 

using neural networks (NN), genetic algorithms (GA) and fuzzy logic have been 

applied to these problems. The new techniques have usually been tested on small 

systems for the UC and the ED problems. The new techniques also have some 

limitations. For example, genetic algorithms and fuzzy logic require a long execution 

time. One of the important issue is to get optimum results. Therefore, researchers have 

tried to find a method in order to reach the global minimum. This is sometimes 

impossible because of the nature of the problem and the constraints. 

Of course, solution quality is not the only factor to consider when comparing different 

optimization techniques. There is also execution time. Although neural networks 

produce some errors, they would be the clear winners if suitable hardware is 

implemented. 
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There has been more interest in NN in recent years, because parallel analog 

computations provide high computational power and speed in a network and neural 

networks learn from experience. Their characteristics make them suitable for solving 

practical problems accurately and quickly, even in the presence of noise and 

incomplete information. Hopfield neural networks in particular have been used for 

solving different optimization problems. 

1.3 Scope of this work 

The work described in this thesis is mainly concerned with an investigation of the 

suitability of neural networks in solving the unit commitment problem and a number 

of economic dispatch problems including unconstrained economic dispatch, economic 

dispatch with transmission capacity constraints, multi-area economic dispatch and 

security dispatch problems. In this research, three important issues are identified : the 

efficiency of the computational method, the size of test systems (of power systems 

with more than 20 generators) and how to handle constraints concerning the 

applicability of neural networks to power generation dispatch problems. 

The Hopfield neural network is used and tested on systems of different sizes for unit 

commitment and economic dispatch problems. The results of the proposed methods 

are compared with those obtained using classical methods. 

For quadratic programming problems with linear equality and inequality constraints, a 

new mapping technique is introduced to determine weights and input biases in the 

energy function. Simulation algorithms are discussed and compared for solving the 
dynamic equations of the Hopfield NN for which constraints are handled by adding 

corresponding terms to the energy function. 

As mentioned earlier, in the new electricity market framework, most of the 

optimization problems would be difficult to solve because of the high dimensions of 
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power system optimization problems. Neural networks have highly parallel 

architecture. Hence the difficulty of slow computation because of large dimensionality 

can be reduced. Hardware implementation could be used to perform fast calculations 

for real time implementation in the new environment. However, in this research, 

computer simulations of the Hopfield NN are performed. The effectiveness of 

computer simulations of the Hopfield NN is demonstrated for the power generation 

dispatch problems. 

1.4 Outline of the thesis 

The chapters of this work are organized as follows. Chapter 2 presents a review of the 

literature on the problems of unit commitment, unconstrained economic dispatch, 

economic dispatch with transmission capacity constraints, multi-area economic 

dispatch and security dispatch. The review discusses the methods that have been used 

to solve these problems. For purposes of easy reading, the review is divided into 

sections corresponding to the various problems. However, in Chapter 2, applications 

of neural networks to these problems are not mentioned because they are reviewed in 

Chapter 3. 

Chapter 3 reviews some neural networks such as multilayer feedforward networks, 

Kennedy and Chua NN and Hopfield NN. Then, literature surveys are carried out on 

the application of NN to power systems, unit commitment problem and the economic 

dispatch problem. 

Chapter 4 presents an improved Hopfield neural network for quadratic programming 

problems with inequality and equality constraints. A new mapping technique is 

described for quadratic programming problems with equality and inequality 

constraints. Simulation algorithms are examined and an efficient simulation algorithm 
is presented. The time step of this algorithm is calculated instead of doing a number of 

trials in order to find the time step. Finally, a symmetric ramp function is chosen for 

the input-output function for handling side constraints. 
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In Chapter 5, the improved Hopfield neural network is applied to the unit commitment 

problem taking into account transmission capacity, transmission losses, start-up/shut- 

down costs and load demand constraints. The proposed method is tested on 3-unit 

system. 

Chapter 6 considers the solution of the unconstrained economic dispatch problem 

using two Hopfield NN methods. An analysis is presented of the performance of the 

proposed NN methods. A comparison of the proposed NN methods with the 

Sequential Quadratic programming technique is presented. Simulation algorithms 

which are described in Chapter 4 for the Hopfield NN are compared. The proposed 

methods are tested on systems ranging from 3 to 240 units. 

Chapter 7 examines the usefulness of the Hopfield neural network in solving the 

economic dispatch problem with transmission capacity constraints. The proposed NN 

methods are tested for two-area power systems with 3,4,40 and 120 units and 

compared with the classical optimization technique. 

In Chapter 8, the multi-area ED problem is solved by Hopfield NN models and the 

Sequential Quadratic Programming method. These methods are compared and 

illustrated by application to four-area test systems. 

In Chapter 9, a complicated problem in security dispatch is solved using the Hopfield 

NN models. The Hopfield NN models are tested on the IEEE 30-bus system for 

different demands. The Hopfield NN models are compared with references [64] and 

[66]. 

Chapter 10 closes the thesis by presenting the main conclusions and recommendations 
for future work. 
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CHAPTER 2 

PREVIOUS STUDIES ON ECONOMIC DISPATCH AND 

UNIT COMMITMENT PROBLEMS 

Unit commitment and economic dispatch problems attempt to minimize the cost of 

power production while satisfying various operational constraints and physical 

limitations on power system components. The unit commitment problem can be 

classified as a mixed integer optimization problem with a large number of constraints. 

Economic dispatch belongs to the class of non linear optimization problems composed 

of a nonlinear objective function and a number of equality and inequality constraints. 

This chapter is an overview of the literature on unit commitment, unconstrained 

economic dispatch, economic dispatch with transmission capacity constraints, multi- 

area economic dispatch and security dispatch problems. The review presents methods 

that have been used and those that are currently being used for these problems. 
Applications of neural networks to these problems are reviewed in Chapter 3. 

2.1 Unit commitment 

The unit commitment problem can be solved by finding the best method of starting up and 

shutting down the generators so as to minimize the total operating cost. The unit 

commitment problem is to minimize a nonlinear objective function subject to certain 

constraints such as start-up/shut-down costs, minimum up/down time, transmission 

capacity and transmission losses. The unit commitment problem can be classified as a 

mixed integer and non-linear optimization problem. The complexity of this problem 
increases noticeably with the number of units. Many techniques have been applied to 

the unit commitment problem to get better solutions. 
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Sheble and Fahd [9] give an overview of the literature in the thermal unit commitment 

field over the past twenty five years. The methods ranged from heuristics such as 

complete enumeration to the more sophisticated techniques such as Augmented 

Lagrangian. They give 80 references on unit commitment, and suggest new research 

areas including the application of genetic algorithms to the solution of the unit 

commitment problem and the Augmented Lagrangian method. 

A CIGRE working group [10] has focused on changes in the field of unit commitment. 

This study is based on an investigation covering nearly sixty utilities from all over the 

world. First, operating modes and constraints of thermal and hydraulic generation 

facilities are reviewed, and the link with commitment is pointed out. Consequences of 

evolution on the demand side, and of growing concerns for environmental 

preservation are also examined. This paper then shows the impact on operational 

planning of generators which are not owned by utilities or which are not used only for 

electricity generation, and the consequence of electrical energy exchanges between 

interconnected utilities. Finally, the period of unit commitment is studied and the 

progress of calculation procedures and mathematical methods are presented. 

Recently, CIGRE published a report on unit commitment [11]. The report summarizes 

unit commitment practices in electric utilities in terms of modelling and in terms of 

optimization techniques. First, the modelling of the unit commitment problem is 

discussed. Secondly, an overview of optimization methods used for solving the UC 

problem and describing their main features, advantages and disadvantages is given in 

the report. Then, a survey of modelling and optimization methods in existing unit 

commitment software is presented. Finally, a test system is described and two typical 

unit commitment software have been run on the test system, and their results are 

presented. 
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2.1.1 Heuristic methods 

Heuristic methods are based on rules that are derived from system characteristics. For 

example, priority list methods model the actions of an operator who is trying to 

minimize the production cost while meeting the operating constraints of the system. 

Priority list methods commit the units in order of a priority list that is based on full 

load average production and transition costs [4]. The Commitment Utilization Factor 

(CUF) and the classical economic index Average Full-Load Cost (AFLC) can be 

combined to determine the priority commitment order [12,13]. The heuristic of 

ordering can be translated into rules and executed as an expert system. Heuristic 

methods are still being used in the power utilities of many countries due to its 

simplicity and fast computation speed. The disadvantage of these methods is their lack 

of incorporation of the start-up and shut-down cost of units. In addition to that, the 

methods require linear cost functions in order to provide reasonably accurate results [36). 

2.1.2 Dynamic programming 

Dynamic programming (DP) is an optimization technique that decomposes a problem 
into stages of easier sub problems and builds the optimal solution from the solutions to 

the sub problems. 

Dynamic programming divides the unit commitment problem into stages where each 

stage corresponds to an hour to be scheduled. Unit commitment is done on an hourly 

basis, and combinations of commit-able units are stored for each hour. Finally the 

most economical schedule or combination of units which satisfy the load and other 

system constraints is obtained by backward calculation from the combination with the 

least cost at the final hour through the optimal path to the combination at the initial 

hour [14]. 

The advantage of DP is its ability to maintain solution feasibility. Its major 
disadvantage is the "curse of dimensionality problem" which results in unacceptable 
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solution time. There are several varieties of DP-based unit commitment methods. The 

methods differ in their approximations for reducing the problem dimensionality such 

as the dynamic programming sequential combination and dynamic programming 

truncated combination [14]. The common feature of all these DP methods is that they 

are based on a priority list. The other way to avoid the dimensionality problem is to 

combine dynamic programming with other techniques such as Lagrangian relaxation 

[4]. 

2.1.3 Lagrangian relaxation 

Lagrangian relaxation is a mathematical decomposition method based on duality 

theory [15] which generates a separable problem by integrating some constraints into 

the objective function, through penalty factors. The penalty factors which are called 

Lagrangian factors, are functions of the constraint violations. The advantages of the 

Lagrangian relaxation method are : 

" decomposition solution of the large scale UC problem due to the dual 

formulation, 

" easy extension to include various constraints. 

The primary difficulty of this method is associated with obtaining solution feasibility 

due to the dual nature of the algorithm. Further, adding certain types of constraints can 

greatly increase the dimension of the dual solution space. The optimal solution is 

obtained only at boundary points: maximum and minimum values (the minimum value 
is assumed to be zero). The solution may oscillate between these maximum and 

minimum values with slight changes of the Lagrangian multipliers. The convergence 

of the overall algorithm is poor, and effective solutions may not be available. This 

difficulty can be overcome by appending quadratic penalty functions to the 

Lagrangian, and this is known as the augmented Lagrangian approach [15,16,17]. An 

auxiliary function which is strongly convex, differentiable and separable is also 
introduced into the cost function to improve the convergence properly [16]. 
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Ruzic and Rajakovic [18] presented an approach to the solution of the extended unit 

commitment problem using the Lagrangian relaxation method. In this paper the unit 

ramp rates have been included in a dual optimization algorithm, which provides the 

possibility of the application of the feasible direction method for primal problem 

solution. For the constant, chosen set of Lagrangian multipliers during one iteration 

the dual problem is reduced to the minimization of the Lagrangian function. This can 

be done by decomposition into independent subproblems regarding every single unit 

using the dynamic programming method. The developed mathematical model includes 

transmission capacity limits, regulation reserve requirements of pre specified groups 

of units, transmission losses and fuel constraints. A computational package has been 

developed and tested over a 48 hour time horizon on a large power system with 100 

thermal units. 

Batut and Renaud [19] used an Augmented Lagrangian technique in order to solve the 

UC problem that included start up cost, shut down cost, minimum up/down time, 

transmission losses and ramping limit constraints. This algorithm has been designed 

by adding artificial constraints to the original optimization problem, and handling 

these artificial constraints using a dual approach. This algorithm is shown to be more 

effective than the Lagrangian relaxation method. The worked example contains 150 
thermal units. 

Chancelier and Renaud [20] have proposed decomposition methods in order to solve 

the hydraulic problems. The method has two steps. The first is based on a 
decomposition by prediction method and the coordination is a primal-dual relaxation 

algorithm. The dynamic constraints are obtained by duality. The second achieves a 

price decomposition by an Augmented Lagrangian technique. These algorithms 

require only small sized non-convex subproblems to be solved at each iteration. 

Therefore, dynamic programming can handle them. The authors have carried out over 
56 numerical tests. The decomposition methods considered allow a feasible solution. 

The results are compared with a two-step process currently in use at EDF. 
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Shaw [21] has presented an algorithm for scheduling electric generating units over a 

determined period of time to meet forecast demand while satisfying system security 

and transmission line flow constraints. His algorithm replaces the system-level 

constraints with penalty functions that appear directly in the objective function. This 

transformation creates a dual optimization problem. The dual optimization problem 

adjusts these penalty functions to obtain unit scheduling that better satisfies the 

system-level constraint. The method establishes a mechanism in the dual optimization 

problem for distributing generation in the electric grid to meet load while satisfying 

security requirements. Additional information from the solution to the dynamic 

programming problem is used later to develop a primal feasible solution. The test 

system is a 31-bus system comprising 43 lines, 16 generating units, and 11 load 

centers. 

2.1.4 Expert systems and fuzzy logic 

Expert systems are software packages which translate human expertise into computer 

programs. The knowledge-based expert system reduces the search space by using the 

experience of the designers. The obtaining of knowledge from designers is an essential 

component in a knowledge-based system. Application of expert systems to unit 

commitment has been investigated by several groups. A heuristic approach to the 

short-term unit commitment problem has been presented by Li et al. [22]. Although 

heuristic methods do not always guarantee the optimal solution, they will provide a 

reasonable solution in a short period of time if the available expertise is implemented 

effectively. The prototype system consists of 26 generators including hydro, thermal, 

and nuclear with different generation capacities and minimum up/down times. Ouyang 

and Shahidehpour [23] have presented a multi-area unit commitment and economic 
dispatch algorithm. 

Expert systems are limited by the information in their knowledge bases and by the 

nature of the process. Rule based searches can become inefficient with very large rule 
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bases. Expert systems are unlikely to have complete, clear functional specifications 

and their designers may be unable to predict reliably their behaviour where situations 

are not tested. They are not guaranteed to provide near optimal solutions 

One of the big challenges in the use of artificial reasoning systems is the effective 

representation of uncertain knowledge. Fuzzy logic provides a way of achieving this. It 

was introduced by Zadeh [24] in the 1960's as a means to model the uncertainty of 

natural language. In fuzzy logic all truths are partial or approximate. Fuzzy logic is a 

subset of conventional (Boolean) logic that has been extended to handle the concept of 

partial truth in which truth values are between totally true and totally false. 

Some fuzzy logic applications to the UC problem have been published. An approach 

using fuzzy dynamic programming has been proposed for the unit commitment of a 

power system by Su and Hsu [25]. The load demand forecast is modelled with fuzzy 

set theory. Some operational constraints such as spinning reserve have a fuzzy 

character. Membership functions were defined for a fuzzy objective function, the load 

demand and spinning reserve. The unit commitment decision is defined by selecting 

the minimum of the three membership functions. Then, dynamic programming is used 

to obtain the unit commitment schedule. The proposed approach is demonstrated in 

the Taiwan power system which contains 54 units. The computation time for this test 

system was about 30 times more than for those of dynamic programming. A method 
for deciding unit maintenance scheduling has been developed using fuzzy theory to 

represent the elements of uncertainty by Gibson et al [26]. A fuzzy expert system for 

generation scheduling and evaluating security transfer limits has been proposed by 

Srinivasan [27]. Fuzzy logic requires a long execution time and large memory. 

2.1.5 Evolutionary algorithms 

Evolutionary algorithms are computational techniques which have a close similarity 

with Darwin's theories of evolution of biological classes. Evolutionary algorithms 

may be subdivided into genetic algorithms, evolution strategies, evolutionary 
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programming and genetic programming [28]. The most popular forms of evolutionary 

algorithms are genetic algorithms (GA) which were first proposed by Holland [29] and 

reviewed and enhanced by Goldberg [30], Davis [31 ] and others. 

A simple genetic algorithm consists of a population of bit strings transformed by three 

genetic operations: selection or reproduction, crossover and mutation. Each string 

represents a possible solution, with each sub-string representing a value for a variable 

of interest. The algorithm starts from an initial population generated randomly. A new 

generation is generated by using the genetic operations considering the fitness of a 

solution which corresponds to the objective function for the problem. The fitnesses of 

solutions are improved through iterations of generations. When successive groups of 

solutions with better fitnesses are generated the algorithm converges and the optimal 

solution is obtained. The several sub optimum solutions may be found by a genetic 

algorithm within a realistic computation time, even if there is no guarantee that the 

GA will find the globally optimal solutions in a finite time. 

Several applications to unit commitment problems have been reported. Saitoh et al. 

[32] studied a unit commitment method based on the genetic algorithm. In this 

method, for achieving an efficient search, the structure of the string suitable for unit 

commitment is developed to incorporate minimum up/down time constraints. The 

applicability of the GA to unit commitment scheduling is demonstrated on three 

thermal units. Refs. [33,34] applied a simple genetic algorithm [30] to find the near 

optimal solution to the UC problem by expressing the unit hourly on-off status as 

binary strings. The GA performs the crossover and mutation operations directly on the 

binary strings. Results tested on small example systems were promising, but the 

execution time was very long. 

Orero and Irving [35] presented a unit commitment method based on the genetic 

algorithm. A penalty function approach is used to handle the constraints. The 

algorithm was tested on a power system with 26 units. Later, the authors [36] 

proposed a hybrid genetic algorithm solution method for the unit commitment 
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problem. The proposed method contains a priority list method in order to speed up the 

genetic algorithm search process. The test system has up to 110 units. 

The disadvantage of evolutionary algorithms is the long computing time which has 

been noticed for a number of applications. 

2.2 Economic dispatch 

The economic dispatch problem is a large scale nonlinear allocation problem with 

both linear and nonlinear constraints. There have been many algorithms applied to the 

economic dispatch problem. Some algorithms such as Merit Order Dispatch, Simplex, 

Linear Programming, Lambda Iteration, Steepest Descent Gradient, Quadratic 

Programming are found in the literature [2,3,4,5,6,15,17]. We call them Classical 

Methods. Recently Computational Intelligence has been applied to the economic 

dispatch problem e. g. Expert Systems, Neural Networks, Genetic Algorithms and 

Fuzzy Logic. Some of the methods will be reviewed. 

In the IEEE tutorial course [3], constrained and unconstrained ED problems and unit 

commitment problems are solved using different optimization methods. The economic 

dispatch problem has been solved using linear programming, Newton's method and 

dynamic programming. The tutorial is recommended as a good introduction to the area 

of economic dispatch and unit commitment.. 

2.2.1 Lambda dispatch 

In the lambda dispatch formulation, the ED problem is solved in its dual form by an 

iterative process. Each iteration of this process consists of making a new "guess" of 

the system's dual cost (lambda), determining the resulting unit generation, and then 

checking to see if the system demand constraint has been met. This method is very fast 

and is general enough to deal with a large number of constraints. 
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The lambda dispatch method can be extended to include additional system coupling 

constraints by the incorporation of additional Lagrangian multipliers, one for each 

additional constraint. The solution to the extended problem then requires successive 

estimates of each multiplier until each constraint is satisfied. 

2.2.2 Merit order dispatching technique 

The merit order dispatching technique with linear or piece-wise linear cost functions is 

a simple dispatch method. The technique ranks all committed generators in order of 

production cost in a merit order table. The committed generators are considered for 

loading to their maximum capacities according to their rank in the merit order table 

until the load demand is satisfied. 

2.2.3 Linear programming 

Linear programming (LP) methods are often applied to the economic dispatch problem 

via the use of piece-wise linear cost curves which result in a separate variable for each 

segment in the curve. The primary disadvantage of LP solutions is the numerous 

variables needed to represent the piece-wise linear cost curves, which generally results 

in large solution times. Stott et al. [37] avoided this problem by using a single segment 

of the cost curve at each stage and providing logic internal to the LP that dynamically 

switches segments as part of the solution process. 

Sterling [5] demonstrated applications of linear programming techniques to the 

economic dispatch problem. He discussed the simplex method, revised simplex 

method, the duoplex algorithm, duality of the methods and then compared the methods 
for the ED problem. The comparison of the linear programming techniques shows that 

the dual revised simplex method and the duoplex method are best suited for the 

economic dispatch problem. 
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2.2.4 Quadratic programming 

The objective function of quadratic programming is assumed to be a quadratic form. 

The quadratic programming problem has linear constraints. It can be implemented in a 

sparse form [38] for solving optimal power flow. In a sparse form the problem is 

approximated by a sparse quadratic objective and sparse linearised constraints. 

A quadratic programming subproblem was proposed in order to solve a nonlinear 

constrained problem [39]. This method has been called Sequential Quadratic 

Programming (SQP). The SQP method has proved to be more efficient and more 

reliable than the penalty methods and the augmented Lagrangian method [40]. 

Ramirez [41] applied the SQP method to the shape optimization of electromagnetic 

devices which is a nonlinear constrained optimization problem. The author 

demonstrated that the SQP method takes fewer function evaluations than the penalty 

methods and the augmented Lagrangian method. Therefore, this technique requires 

less computation time. 

In this study, the SQP method is used for solving economic dispatch in Chapter 6, 

economic dispatch with transmission capacity constraints in Chapter 7 and multi-area 

economic dispatch in Chapter 8. Appendix A gives a short description of sequential 

quadratic programming. 

2.2.5 Evolutionary algorithms 

Evolutionary algorithms are very attractive techniques for optimization problems. 
Therefore, a lot of papers have been published in power system operations in recent 

years. In 1996 Miranda et al. [28] did a survey on the use of evolutionary algorithms in 

power systems. They found 21 papers about applications of evolutionary algorithms to 

the economic dispatch problem. Here, several papers are reviewed. 
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Sheble and Brittig [42] used a genetic algorithm to solve the economic dispatch 

problem. The method was tested on a three-units system [4]. The method took about 

63 seconds to solve the ED problem. However the classical techniques took 10 to 20 

seconds to solve this problem. 

Bakirtzis et al. [43] proposed a genetic algorithm solution to the economic dispatch 

problem. They modified simple GA as described in Goldberg [30] and applied power 

systems of up to 72 generators. The operation cost obtained from the GA was 0.5 % 

higher than the optimum operation cost which was obtained by dynamic programming. 

The execution times of the proposed method for 36-unit and 72-unit systems were 202 

and 642 seconds on a PC 486/33 MHz machine. The proposed method was about 10 

times faster than dynamic programming. 

Chang and Chen [44,45] have presented a genetic algorithm for solving the economic 

dispatch problem. The proposed method can take into account network losses, ramp 

rate limits and valve point zone. The test system selected is the Taiwan power system 

which has 40 units. The proposed method is faster than the lambda-iteration method 

when the number of committed units are more than 35. 

Song et al. [46] presented an economic dispatch approach based on genetic algorithms. 

The approach was applied to a3 generator units. Later, Song et al. [47] solved the 

dynamic economic dispatch problem using genetic algorithms. The authors tested the 

proposed method on a public supply system with 20 generators. Recently, Song and 

Chou [48] proposed a hybrid genetic algorithm which combines local search 

algorithms and genetic algorithms for solving the economic dispatch problem. Their 

test system is a small 6-unit system for which the proposed method took 7.1 seconds 

to solve the ED problem. 
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2.3 Economic dispatch with transmission capacity constraints 

The economic dispatch problem is frequently solved without accounting for 

transmission constraints. However, some researchers have taken transmission capacity 

constraints into account. Thus Desell et al. [49] proposed an application of linear 

programming to transmission constrained production cost analysis. 

A power flow methodology for dispatching all active and reactive power has been 

presented by Burchett et al. [50]. Their method is based on an Augmented Lagrangian 

approach. A P-dispatch, a Q-dispatch and a P&Q-dispatch have been computed using 

power system optimization methodologies. The objective functions and control 

variables are different in each case. The techniques employed for considering 

constraints on load bus voltages, line flows, and reactive power source are such that 

the constraints are satisfied in the least costly manner. Automatic scaling of the 

transformer tap gradient has been used to move transformer taps more rapidly toward 

their optimum settings. The techniques were tested on a variety of power systems up 

to 600 buses and 900 lines. The authors presented the details of the techniques 

employed and discussed results obtained on the IEEE 30-bus, IEEE 118-bus and a 
600-bus power systems. 

Ruzic and Rajakovic [18] have solved the unit commitment method using the 
Lagrangian relaxation method. The developed mathematical model includes 

transmission capacity limits. Their computational results were limited to two 
transmission lines. In addition the computational time of their algorithm increased 

sharply (by -40%) simply when those two lines were added. 

Batut and Renaud [19] applied an Augmented Lagrangian technique to the unit 
commitment problem which takes into account transmission constraints. Dynamic 
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programming has been used to solve this problem for a 150 thermal unit case. The 

authors mentioned that the transmission constraints do not disturb the convergence, 

speed and the quality of the solution. 

Shaw [21] has presented an algorithm for scheduling electric generating units over a 
determined period of time to meet demand while satisfying system security and 
transmission line flow constraints. This algorithm uses Lagrangian relaxation. 

An economic dispatch method was proposed using the Newton-Raphson method 

considering line flow limits [51]. The Jacobian matrix was formulated by the 

incremental transmission loss in terms of the generalized generation shift distribution 

factor [52] and line flows.. The method is applied to four different test systems which 

are the 11-bus, 14-bus, 25-bus and 30-bus systems. The maximum solution error is 

2.29%. 

Yalcinoz and Short [53] have proposed the application of the sequential quadratic 
programming algorithm to the economic dispatch problem with transmission capacity 

constraints using the Matlab Optimization Toolbox. The quadratic programming 

problem is solved by an active set method [54]. The proposed method has been 

applied to a small system and to an actual utility system with 40 units and is discussed 
in Chapter 7. 

2.4 Multi area economic dispatch problem 

Lee and Feng [13] proposed a thermal unit commitment method for interconnected 

multi area power systems. Both the capacity commitment decision and the energy 
dispatch decision are made jointly for all the participating areas in the interconnected 

multi-area system. The paper reports the results of an investigation into the extension 

of the commitment utilization factor based single-area approach [12] to multi-area unit 

commitment. The commitment utilization factor was used to determine a near optimal 

priority commitment order. Later, Lee et. al. [55] presented a multi area unit 
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commitment method by the sequential method. The dc power flow model was 

employed in order to represent the inter-area transmission network. 

A minimum cost production model for multi area interconnected systems has been 

proposed by Weidong [56]. The method is based on Lagrangian multipliers. The tie 

line capacity limit and energy loss have been included in the energy exchange process 

Farmer et al. [57] presented a probabilistic method which was applied to the 

production costing of transmission-constrained multi-area power systems. They used a 

group constrained multi-area model for the transmission network in cost calculations. 

An extension of the probabilistic method was presented for determining the 

production cost of a transmission-constrained power system under generation cost 

uncertainty [58]. 

Network flow programming is a specialized form of linear programming. The network 

formulation offers significant advantages over both the lambda dispatch and linear 

programming formulations in terms of both speed and convergence properties. An 

incremental network flow programming algorithm for solving the multi-area economic 

dispatch problem with transmission constraints was presented by Streiffert [59]. The 

tie line transfer costs were modeled as linear functions of the line power flow. The 

method was applied to a four area test system with 16 units. An algorithm for multi- 

area economic dispatch and calculation of short range marginal cost based prices has 

been proposed by Wernerus and Soder [60] where the multi-area economic dispatch 

problem was solved by Newton-Raphson's method. The method was demonstrated by 

application to the four area test system taken from [59]. 

2.5 Security Dispatch 

Security dispatch means the continuity of a supply service even in the event of failure 

of equipment, and it must handle several physical constraints. Some work concerning 

security economic dispatch has already been covered. 
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Alsac and Stott [61] have extended the method of Dommel and Tinney [62] to include 

steady-state security constraints into an optimal loadflow solution. The authors 

considered reactive power and voltage magnitude constraints. The technique has the 

advantage that only a few alterations are required to the already established optimal 

loadflow approach of Dommel and Tinney [62]. Furthermore an exact representation 

for the outage constraints can be used since the conditions are checked using a full ac 

load flow solution. 

A method using a sparsity technique and linear programming to security dispatch has 

been presented by Stott et al. [37]. The authors applied the revised simplex method to 

the primal problem. The process starts from an initial power system operating stage 

containing branch overloads. Violated branch-flow limits are enforced one by one, 

optimally rescheduling the system on each occasion and testing for new overloads. 

Aoki et al. [63] presented a method to solve an economic load dispatch problem with 

dc load flow type network security constraints. The network security constraints 

represent the branch flow limits on the normal network and the network with circuit 

outages. Hence, the problem contains a large number of linear constraints. The authors 

extended the quadratic programming technique into the parametric quadratic 

programming method using the relaxation method. 

An ED method with security has been proposed by Wenyuan [64]. The optimality of 

the problem is first obtained and if there is no overload the calculation is terminated. If 

there is an overload, quadratic programming methods can be used for solving this 

problem. Wenyuan [65] later presented a successive linear programming model with 

penalty terms for solving real time ED with security. The calculation results of the 

IEEE 30 bus system are given. 

A network flow model was proposed for solving the on-line economic dispatch with N 

and N-I security [661. The proposed method was tested on the IEEE 30 bus system. In 
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the paper, results show that N-1 security cannot be satisfied for four single outage 

lines which are 1,2,4 and 5. The number of overloaded lines is seven. 

A transmission pricing strategy has been developed by Farmer et at. [67]. The 

optimum transmission prices and transmission capacity were determined by 

maximizing the global benefit coming from use of transmission services. The method 

contained both operational and capacity costs related to the optimal transmission 

system. The authors introduced transmission security factors in order to find the 

security costs. This method was applied to the IEEE 24 bus test system [68]. The 

extension of the optimal transmission pricing method was presented for the 

consideration of revenue reconciliation of the transmission utility [69]. The linear 

programming algorithm was used in order to solve their problems. 

2.6 Conclusions 

This review of the unit commitment problem can be summarised thus: the Lagrangian 

relaxation approach and dynamic programming have been the most used techniques 

for solving the unit commitment problem, with the Augmented Lagrangian as a 

relative newcomer. Classical techniques which include linear programming, dynamic 

programming, Lagrangian relaxation, branch and bound method and heuristic search 

techniques require very many calculations. 

Laughton [70] have outlined computational intelligence techniques and carried out a 

survey of papers on the techniques in power systems between 1990 and 1996. 

Evolutionary computing techniques are very popular for economic dispatch and unit 

commitment problems. The number of papers published on unit commitment and 

economic dispatch applications is 19 and 21 respectively. The main disadvantage of 

evolutionary algorithms is the long computing time. 

In on-line applications of power generation dispatch problems, speed and robustness 

are very important. The globally optimal solutions are difficult to obtain within a finite 
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computation time by the conventional methods when the number of generation units 

treated in the problem becomes large. However, from the viewpoint of the practical 

use of solutions of the power generation dispatch problems, it may be not so important 

for a system dispatcher to know only a globally optimum solution because the 

dispatcher wishes to have the option to adopt the alternative solutions in the sense of 

actual system operation. That is, the dispatcher will desire to know the several 

suboptimal solutions rather than one globally optimal solution. Therefore, the 

dispatcher requires more efficient and faster algorithms to obtain various possibilities 

or solution strategies before proceeding with the implementation of the preferred 

solution. Neural networks may be able to provide such decision support capability. 

And, the parallel computing ability of neural networks can lead to considerable 

reduction in computation time. The next chapter reviews some neural networks and 

their applications. 
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CHAPTER 3 

OVERVIEW OF NEURAL NETWORKS 

Neural networks (NN) take their name from the networks of nerve cells in the human 

brain. Modern computers and algorithmic computations are good for well defined 

tasks. If the problem presents with a mathematical model computers can solve this 

problem. On the other hand, biological brains easily solve speech and vision problems 

under a wide range of conditions while these problems have not been solved by digital 

computers sufficiently well. Hence researchers have studied biological neural systems 

in order to design computational systems which may have human brain capabilities. 

Neural networks have been studied for more than 30 years. There has been more 
interest in NN in recent years, basically because learning algorithms have been 

improved and parallel analog computations provide high computational power and 

speed in a network which has parallel connected neurons. Reviews of the historical 

developments in neural networks may be found in the paper by Widrow and Lehr [71 ]. 

Several books or reports have been written in recent years [72,73,74,75,76,77,78,79]. 

The application of neural networks to optimization problems has been an active 

research area since the early eighties. Unconstrained optimization, constrained 

optimization and combinatorial optimization problems have been solved using NN 

[80,81,82,83,84]. 

In this chapter, the necessary background of NN is given and some NN which have 

been applied to power system operational planning is presented such as multilayer 
feedforward networks, Kennedy and Chua NN and Hopfield NN. Then, literature 

surveys on application of NN to power systems, the unit commitment problem and the 
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economic dispatch problem are done. More information on NN may be found in 

references [74,77,78,79]. 

3.1 Neuron model and network models 

An artificial neuron is designed to copy the characteristic of the biological neuron. The 

neuron model for a NN is shown in Fig. 3.1. The input data, which may come from the 

outside world or from the other neurons in the same network, are multiplied by a 

corresponding weight (T1, T2,... T,, ) equivalent to the synaptic strength in the biological 

neural structure. The weighted inputs are summed and passed to the activation 

function which determines the neuron's response. Commonly, five activation 

functions which are the linear function, the step function, the ramp function, the 

sigmoid function and the Gaussian function are used. 

The weights are updated during a learning process in order to achieve a desired 

objective. Learning methods may be classified into two categories, supervised and 

unsupervised learning. In supervised learning, the learning algorithm makes use of the 

input information and the target output information to adapt the weights. On the other 

hand, in unsupervised learning, only input information is used and there is no target 

information. 

Adjustable weights 
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Figure 3.1 Model of an artificial neuron 
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Networks may be classified on the basis of the directions in which signals flow. 

Basically, there are two types of networks: feedforward and feedback. A feedforward 

network is a network where signals propagate only on direction from an input level 

through intermediate neurons (hidden neurons) to an output level. On the other hand 

feedback networks are networks where signals may propagate from the output of any 

neuron to the input of any neuron. 

Figure 3.2 shows a feedforward network. The first layer serves only to distribute a 

weighted version of the input vector to the neurons in the hidden layer. Neurons of the 

hidden layer reply to the accumulated effects of their inputs and propagate their 

response signals to output neurons. Neurons in the output layer accumulate the effects 

of the signals and produce an output vector. The output of each neuron in the network 

is a function of neurons' inputs. 
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Figure 3.2 A feedforward network 
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Figure 3.3 shows a feedback network with four neurons. Each black dot represents a 

set of feedback connections. The output of a neuron may be fed back in the network as 

an input therefore the neuron may affect its own future state. Therefore, the outputs 

always depends on the previous state of the network. Neuron models have been used 
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to develop networks which are capable of unsupervised learning [85], computing 

solutions to optimization problems [80,81,82,83,84], and so on. 
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Figure 3.3 A feedback network 

3.2 Multilayer feedforward networks 
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A multilayer feedforward network (MLFF) consists of at least two or more layers. 

Simple two-layer networks have no hidden layers, they include only input and output 

layers. The main question here is : how many hidden layers are necessary for getting a 

good solution? Masters [77] mentioned that at least theoretically, a single hidden layer 

is always used quite safely for the majority of practical problems. In addition more 

than two hidden layers should not be needed in practice.. 

The multilayer feedforward network will learn to associate given output vectors with 

input vectors by adjusting its weights which are based on the error at the output. The 
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weight modification algorithm is the steepest descent algorithm (often called the delta 

rule) to minimize a nonlinear function. This was represented by Rumelhart et. al. [861. 

The algorithm is called back-error propagation or back-propagation because errors 

are propagated to back through hidden layers. 

The weights can be learnt by training the network using a training set of target states 

xp for the output for a given set of inputs up where p is the training pattern. The 

steepest descent algorithm essentially seeks to choose the weights during training. The 

mean square error E between the target output xT and the actual output x of the 

network over all training data are minimized. Thus the weights are chosen for n output 

neurons so that 

1Nn 
T2 E_- (X I- xp; ) 

N 
P=1 j=1 

is minimum for N training samples. 

The delta rule is then used to find the minimum of E by differentiating it with the 

weight T; j. The weight T; j is changed by 

AT. 
aE 

= -rl-- aTj 

where 11 is called the learning rate. After calculating ATij the new weight is given by 

Tij, 
new -Tij, old 

+'Tij 

The other weights can be calculated in a similar way. Mathematical derivation of the 

derivatives may be found in [74,78,79,86]. 

The multilayer feedforward networks have become very popular because of the 

simplicity of the algorithm. However the learning method requires long training times 

so in practice more sophisticated gradient techniques such as conjugate gradient and 
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Newton methods are being used [76,77]. Performance depends mainly on the learning 

rate, initial selected weights and the way of presenting the training samples. Therefore 

it can take many simulations before a satisfactory network can be achieved. The basic 

algorithm has been improved. Furthermore more powerful 

feedforward networks such as Radial Basis Function networks are also recently being 

applied to pattern classification, mapping tasks, and power systems [79,87]. 

3.3 Hopfield neural network 

The most important NN algorithm for solving the optimisation problem is the 

Hopfield-Tank algorithm. Hopfield introduced a neural network model which he used 

to design neural content-addressable memories [88]. Then Hopfield introduced a 

modified version of his earlier model [89]. The modified model used a continuous 

nonlinear function to describe the output behaviour of the neurons. In the Hopfield 

model, the combinatorial optimization problem which minimizes a discrete objective 

function is converted into a continuous optimization problem. The Hopfield-Tank 

model proceeds as follows. First, build an energy function by taking a linear 

combination of the objective and penalty functions. Then build a fully connected N 

vector of neurons and set the weights so that the network will take a strictly 

descending path on the energy function. Initialize the network to the starting point 

(that point which is the middle of all feasible solutions) and let the network run until it 

stabilizes at a local minimum. The lowest energy state corresponds to the optimum 

solution. The values at the outputs of the network are taken as the solution. 

Hopfield's model is based on continuous variables and responses. Neuron i has input 

u;, output x;, and is connected to neuron j with a weight T; j. Each neuron has also an 

input bias ib . The dynamic equations of the network are defined as follows: 

du; u; 
+Ib (3.1) 

dt ý_, 
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Xi = g(ui) 

45 

(3.2) 

where rj; is a passive decay term, n is the number of neurons and g(uj) is the input- 

output function (often called the activation function) of the neuron i and usually shown 

as: 

g(u; ) =2 (I+ tanh(u; / (3)) (3.3) 

where 0 is a coefficient that determines the shape of the input-output function. 

Hopfield [89] discovered a Lyapunov function for a network of n neurons which is 

identified by Eqn. 3.1. He called the Lyapunov function the network's energy function 

which is defined as 

E(X) 
I 

XT Tx 
- XTib 

2 
(3.4) 

The energy function is associated with the objective function for minimizing the 

optimization problem. Therefore, we must first decide how to set weights T and input 

biases ib for any minimization problems. This process is called "mapping". The sum of 

the constraints and an objective function are given as inputs to the energy function. 

The energy function comes from a similarity between the network's behaviour and the 

behaviour of the physical system. A physical system, such as a pendulum, may evolve 

towards an energy minimum. A network of neurons always evolves towards a 

minimum of the energy function [74,79]. 

The Hopfield NN will be examined and the improved Hopfield neural network will be 

developed in Chapter 4. 

3.4 The Kennedy and Chua NN 

Chua and Lin [90] developed a nonlinear programming circuit. However, the circuit 

description was not based on the neural architecture. Later, Kennedy and Chua [91] 
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showed that the Tank and Hopfield linear programming NN circuit [92] is a special 

case of the nonlinear programming circuit of Chua and Lin [90]. Kennedy and Chua 

[93] made further modifications to the nonlinear circuit that was suitable for nonlinear 

network implementation. The function of the developed network was based on a 

penalty function approach as in classical optimization theory. Their model has been 

used to solve both linear programming and nonlinear programming problems. 

The Kennedy and Chua NN circuit consists of variable neurons and constraint 

neurons. The energy function can be defined using Kennedy and Chua NN as 

m 
fi(x) 

E(x) _ (D(x) +Jg; (t)dt 
0 

where b(x) is an objective function, fi(x) is the i-th inequality constraint, m is the 

number of inequality constraints and g; (t) is the nonlinearity of the constraint neurons. 

The Kennedy and Chua NN has some difficulties. The choice of penalty function 

which depends on the information of solution surface is often difficult to make. The 

Kennedy and Chua NN is designed for inequality constraints. The Kennedy and Chua 

NN can be modified carefully for taking into account equality constraints. 

3.5 Application of neural networks to power systems 

As in many other engineering disciplines, neural networks are finding applications in 

several aspects of power system control. Neural networks learn from experience and 

their characteristics make them suitable for solving practical problems accurately and 

quickly, even in the presence of noise and incomplete information. Researchers have 

produced the necessary mathematical models for neural networks, some of which were 

discussed in the previous sections, and more information can be found in [74,77,78, 

791. 
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Some literature surveys on the application of NN to power systems have been done. 

Dillon [94] has surveyed the application of NN to power systems and their relationship 

to symbolic methods. Yurtsever and Brugger [95] gave an overview of the current 

neural network technology and applications followed by an overview of NN 

applications in power systems. They examined four classes of neural networks and 

their applications which are load forecasting, signal processing, fault detection and 

power system security analysis. 

Sagar et al. [96] reviewed over 60 published articles on the area of applications of NN 

to power systems. Potential areas of application are identified and future trends are 

discussed. The applications of almost all power system problems are given with the 

NN models. The present practical difficulties with NN schemes, and the future 

research required to overcome these problems, are described. 

The applications of NN in power systems were surveyed by Wong [97]. The paper 

summarizes the intelligence techniques which have been employed and have made 

suggestions for the improvement of existing tools. The multilayer feedforward 

network is introduced and the problems in establishing NN approaches based on this 

network for power system applications are discussed. 88 published articles are 

presented. 

A survey was published on NN to power systems by members of CIGRE [98]. The 

paper contains a basic description of NN with more than 100 different research and 

industrial projects in the area of power systems. 

Coonick et al. [99] surveyed the application of artificial intelligence to economic 

dispatch and unit commitment problems. The report contains the basic explanation 

and the use of expert systems (ES), NN, genetic algorithms (GA) and simulated 

annealing (SA). The authors discussed future research areas such as hybrid ES/NN, 

hybrid GA/SA. 
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Recently, the main artificial intelligence techniques which are found in power systems 

applications have been discussed and the power system applications have been pointed 

[100,101]. 

3.6 Application of neural networks to unit commitment 

The application of neural networks to power system operation has become an active 

research area in recent years. Solution of the thermal unit commitment problem by 

means of NN was studied by the Ronne-Hansens [102]. A standard back-propagation 

network with 50 neurons in the single hidden layer was used. The test data and output 

were found using dynamic programming. They showed that, for a3 unit system taken 

from [4], neural networks might be an alternative method of solution but when 

neglecting start up costs, the structure of the problem was not suitable for solukiion by 

NN. 

Ouyang and Shahidehpour [103] studied a hybrid dynamic programming NN 

algorithm for unit commitment. The proposed two-step process uses an NN to 

generate a pre-schedule according to the input load profile. A dynamic search is then 

performed at those stages where the commitment states of some units are not certain. 

The experimental results indicate that the proposed algorithm can significantly reduce 

the execution time of the traditional dynamic programming approach without reducing 

the quality of the generation schedule. The case studies were performed on a 26 

thermal unit system. The proposed NN is a typical three layer network with back- 

propagation. A total of 35 training patterns was used in this study which were 

generated by the Lagrangian relaxation method. In a second paper [104] the same 

authors discussed a heuristic approach to generation scheduling. The proposed short 

term unit commitment employs a neural network-expert system approach to achieve 

real time processing results. The operating constraints are presented as heuristic rules 

in the system where a feasible solution is obtained through inference. The NN is used 

at the preprocessor and postprocessor stages. At the preprocessor stage, a load pattern 
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matching scheme is used to retrieve an optimal schedule that represents the closest 

solution to the given load profile from the database. At the postprocessor stage, a 

trained NN performs considerable adjustments to achieve the optimal solution. The 

authors generated their training set using dynamic programming or the Lagrangian 

relaxation method. The test system consists of 26 thermal generating units. 

Srinivasan et al. [1051 proposed an optimization technique for unit commitment, 

economic dispatch and evaluation of security transfer limits in a longitudinal 

interconnected system consisting of a local and two external systems. This technique 

makes use of an integrated knowledge based and pattern recognition approach for 

optimal thermal unit commitment of the local system generating units. The authors 

used a combination of NN and expert system approaches. The hourly system load and 

the next day load curves are predicted by a neural network load forecaster trained 

using a back-propagation training algorithm. The NN generates load curves for the 

following day based on the Supervisory Control and Data Acquisition SCADA system 

information regarding the weather data, past load profiles, seasonal effects and day-of- 

the-week effects on the load. The constrained optimization problem is solved using the 

Lagrangian multiplier technique. 

Economically and contingency constrained generation scheduling is a more 

sophisticated type of system security. Aghamohammadi et al. [106] described an 

approach for this problem. Both economic and security problems are treated in 

separate and coordinated ways. In this approach for a given load pattern, first the 

economic generation pattern is evaluated. Then the system potential for creating line 

overloading at both base case and post line outage (single line) condition are 

evaluated. In the case of any potential for overloading the generation pattern is 

corrected to reduce this potential. The method consists of three main parts: a 

conventional Economic Load Dispatch, security evaluation by a neural network 

technique and then generation rescheduling by sensitivity analysis of the NN. The 

proposed approach was applied to the IEEE 30-bus system. The authors used a three 

layer back propagation NN. The authors do not state the overall execution time. 

i 
ý.. 
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A combination of Hopfield type and Kennedy-Chua type NN was applied to solve 

simultaneously the unit commitment and the associated economic unit dispatch 

problems [107,108]. The approach is based on fixing the various constraints in a 

generalized energy function and then defining the network dynamics so that the 

generalized energy function is a Lyapunov function of the NN. Their example consists 

of six buses and three generating units taken from [4]. 

Sasaki et al. [109] proposed the application of the Hopfield neural network to the unit 

commitment problem. A two-step solution method was developed. First, generators to 

be committed at each period are determined by the network, and then their outputs are 

adjusted by a conventional algorithm which was used the Lagrangian relaxation 

method. The proposed NN could solve a large-scale unit commitment problem with 30 

generators over 24 periods. The size of the NN to solve this problem becomes 

significantly large and needs 2208 neurons and 10500 connections. Their average 

execution time was approximately 2.5 times slower than the Lagrangian method for 30 

generators. 

Liu et al. [110] developed neural networks for generation scheduling in which 

economic dispatch was solved first and then the on/off status of units was determined 

by a Boltzmann machine. Simulation results for a 20-unit system were given. 

Aoki et al. [I I I] have proposed a method for solving the unit commitment problem. 

The proposed method is based on Lagrangian relaxation method. The Lagrange 

multipliers are predicted by using NN which is trained by the back propagation 

algorithm. The case study has 40 generators. The error is 0.0291% between the 

proposed method and Lagrangian relaxation method. 

Girgis and Varadan [112] presented the unit commitment using load forecasting based 

on NN. First the load forecast problem is solved using the multilayer feedforward NN. 
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Then the results of the load forecast are used in the unit commitment problem which is 

based on the Lagrangian method. 

An improved two stages Dynamic programming/NN solution model to the unit 

commitment has been presented by Abbasy and Elfayoumy [1131. There are two 

stages, which are a preschedule, obtained using a trained NN, back propagation, and 

then a Dynamic programming algorithm is applied for getting the commitment states 

of units. The proposed method could solve the unit commitment problem with 6 

generators over 24 periods. 

The short-term hydro-scheduling problem which was formulated as linear 

programming was solved using the Hopfield neural network [114]. The proposed 

approach has two stages. The authors used the Hopfield neural network to obtain a 

preschedule for the hydro units. Then a heuristic rule based algorithm was used in 

order to reach the final hydro-schedule which satisfied practical constraints. The 

proposed method was applied to the Taiwan power system. 

Watta and Hassoun [115,116] proposed a coupled gradient network to solve the static 

and temporal unit commitment problem. The coupled gradient network consists of two 

interacting recurrent networks which are a network to represent the real valued 

variables and a network to represent the binary valued variables. The coupled gradient 

network is compared with the Lagrangian relaxation method. The authors reported that 

as system size increased the number of feasible solutions decreased e. g. for a problem 

with 10 generators, as the planning horizon rose from 5 hours to 24 hours, the 

percentage of feasible solutions obtained decreased from 100% to 55%. 

Recently, the augmented Hopfield network has been applied to the unit commitment 

and the economic dispatch problems [117]. The augmented Hopfield network contains 

both discrete and continuous neurons producing the energy function, although a 

similar idea was developed in [115,116]. The test system has 17 thermal units, the 
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average run time was approximately 10 minutes for a 24 hour commitment period and 

about 5 minutes for the following economic dispatch. 

3.7 Application of neural networks to economic dispatch 

Maa and Shanblatt [118] described an optimization NN technique for the economic 

dispatch problem. The Kennedy-Chua NN was justified for linear and quadratic 

programming problems. Their proposed method was applied on a3 generator test case 

taken from [4] and the authors compared their result with the classical method. The 

error between the NN method and exact solution was found to be less than 0.1 % on 

average. 

Park et al. [119] proposed to apply a Hopfield NN to the economic dispatch problem 

for a piecewise quadratic cost function. The author used a simple 3-unit system which 

is in reference [4]. Simulation results were compared with the numerical method's 

results and the results of the proposed method are very close to numerical method's 

results. 

A fast approach to NN training has been proposed in order to solve the economic 

dispatch problem [120]. The most popular NN model (the multilayer feedforward 

model based on back propagation algorithm) has been modified in which their 

method requires 3-5 input-output data sets and decides the initial weights for training. 

The authors reduced the number of iterations and training time, and tested the method 

on a 3-unit system and a 20 unit system. Their results are close to the values obtained 

from the classical method. 

A method for the economic dispatch problem using Kennedy-Chua NN was described 

by Kumar and Sheble [121]. The authors compared their method with a classical 

method and decreased the errors to approximately 1% where demonstrated on a 3- 

generator test case taken from reference [4]. 
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King et al. [122] reported an improved Hopfield NN for the economic-environmental 

dispatch problem. The authors reduced the number of iterations from over 25000 to 

around 1000 to obtain an optimal dispatch. Their method was compared with the 

Newton-Raphson algorithm for a3 generator test case from [4] and a 12-generator test 

case and they showed that the execution time was approximately the same. 

Ghosh and Chowdhury [123] used the Hopfield NN to solve the security constrained 

optimal rescheduling of the real power problem. Their method was tested on a 6-bus 

system, the IEEE 14-bus system and the IEEE 118-bus system. The errors were getting 

bigger for large systems. Their errors are between 0.88% and 5.67% for the 6-bus 

system and between 0.12% and 25.4% for the IEEE 1 18-bus system. 

Djukanovic et al. [1241 proposed an application of a feedforward backpropagation 

type of neural network to the real-time economic dispatch problems. The authors 

demonstrated 6-unit and 35-unit systems. In the paper, a hybrid of neural networks and 

expert systems has been also proposed for the solution of an environmental/economic 

dispatch problem. 

It is well known that the Hopfield NN converges very slowly and it takes several 

thousand iterations [119,122]. Recently, some researchers have proposed some 

approaches in order to solve this problem where some kind of adaptive scheme has 

been used to update the slope or bias of the network in order to speed up the 

convergence of the Hopfield NN for the economic dispatch problem [125], using 

piecewise quadratic cost functions. The results for a 10-unit test system are compared 

with those of a numerical approach and the traditional Hopfield NN approach [119]. 

The number of iterations is reduced from about 40000 to less than 100. The slope 

adjustment and the bias adjustment methods take about 2 and 4 sec. respectively on 

the Compaq 90 MHz Pentium PC. For speeding up the convergence of the Hopfield 

NN, Su and Chiou [126] have proposed an analytic method for the economic dispatch 

problem. The proposed method applies the linear model to describe the neuron's 

input-output characteristics. The generation outputs are directly calculated using 
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formulations, therefore no iteration is needed. The proposed method was tested on the 

3-unit system [ 119] and a 13-unit system. The main disadvantage of the proposed 

method is that if a unit hits its generation limit, this is not a feasible solution, the 

generation dispatch should be repeated. Therefore it is difficult to use this method for 

large systems. 

3.8 Conclusions and discussion 

A variety of techniques have been applied to economic dispatch and unit commitment 

problems. The fastest technique using artificial intelligence is in neural networks 

which can achieve an approximately optimal solution. However, NN were not applied 

for these problems to large systems with more than 40 units. 

The multilayer feedforward networks have become very popular because of the 

simplicity of the algorithm. However the learning method requires long training times. 

Its performance depends mainly on the learning rate, initial selected weights and the 

way of presenting the training samples. The multilayer feedforward networks need 

training sets which can be obtained from other sources or from another program. It 

means that the multilayer feedforward networks are not independent, although these 

problems may be solved using the Hopfield NN or the Kennedy-Chua NN types. 

Work reported in the literature on applications of NN to the unit commitment problem 

were reviewed in the previous section. Multilayer feedforward NN have been 

employed alone [102], with dynamic programming [103,113] and with expert 

systems [ 104]. Aoki et al. [I I I] employed the Lagrangian relaxation method in which 

the lagrangian multipliers were calculated using multilayer feedforward NN. Saitoh et 

al. [106] applied multilayer feedforward NN to UC but the economic dispatch 

problem was solved by a classical method. Multilayer feedforward NN has been 

applied to the load forecasting problem, and then an expert system was used in [105] 

and the Lagrangian relaxation method was used in [112] in order to solve UC. The 

Hopfield neural network was used to obtain a preschedule and then a heuristic rule 
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based algorithm was used in order to reach the final hydro-schedule [114]. Ronne- 

hansen [102] applied to multilayer feedforward to UC alone and found disappointing 

results such as the total capacity of the chosen commitment was insufficient. On the 

other hand, hybrid methods appear to work usually well. 

The application of Hopfield NN to the UC was first presented by Sasaki et al. [109]. 

Sendaula et al. [108] described a combination of the Hopfield NN and the Chua-Lin 

NN. Liu et al. [110] presented the Hopfield NN for ED, and the on/off status of units 

in their work was determined by a Boltzmann machine. Recently, the augmented 

structure for the Hopfield NN which combines discrete and continuous neurons 

producing the energy function has been proposed in [1 15,116,117]. 

Applications of NN to the economic dispatch problem can be summarized as: 

mutilayer feedforward NN was used to solve ED [120,124]. Four papers 

[ 118,1 19,121,122] show a 3-generator test case taken from reference [4]. King et al. 

[122] also illustrated a 12-unit system for the economic-environmental dispatch 

problem. 

The Hopfield NN has been usually applied to small power systems. However, 

Yalcinoz and Short [ 127] have proposed a new approach for the Hopfield NN in order 

to solve the ED. The proposed method was tested on a 40-unit system. Later, an 

improvement of this method was tested on different test systems which have 3,20,40, 

80,120,240 units [128]. This approach can even solve the constrained economic 

dispatch problem which takes into account transmission capacity constraints for large 

systems, up to a 120-unit system [129]. These approaches are discussed in the thesis. 

The reported largest error is 1.0% between a classical method in [ 121 ]. The nearest 

optimal results were reported by Park et al. [ 119] who used the Hopfield NN. Yalcinoz 

and Short [128] reported that the errors were around zero for small systems and 

around 0.5% for large systems. 
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King et al. [122] reported an improved Hopfield NN for the economic-environmental 

dispatch problem. The authors reduced the number of iterations from over 25000 to 

around 1000 to obtain an optimal dispatch. Recently, references [125,126,128,129] 

present modifications to the Hopfield NN which produced very fast computational 

time. The slope adjustment and the bias adjustment methods [125] take about 2 and 4 

sec. respectively on the Compaq 90 MHz Pentium PC for a 10-unit test system for the 

ED problem. In contrast, Yalcinoz and Short [128] obtained their results in around 10 

iterations. Their method took only 1.7 sec. on the Pentium 75 MHz PC for a 20-unit 

test system for the ED problem. 

In the next Chapter, an improved Hopfield NN to get an efficient solution will be 

presented. 
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CHAPTER 4 

AN IMPROVED HOPFIELD NEURAL NETWORK 

The Hopfield neural network has been applied to find a solution to difficult 

optimization problems. Hopfield and Tank [82,92] presented the energy function 

approach in order to solve several optimization problems including the travelling 

salesman problem (TSP), analog-to-digital conversion, a signal processing problem 

and linear programming problems. Their results encouraged a number of researchers 

who have applied this network to different problems such as object recognition, graph 

recognition, graph colouring, economic dispatch and unit commitment problems. 

However, the Hopfield neural network, which will be called `original Hopfield neural 

network', can be unstable. A number of researchers found that the original Hopfield 

neural network (OHNN) was highly unstable. This algorithm does not scale well to 

large problems either in solution quality or in reliable convergence to a feasible 

solution [130]. The other criticisms are: 

" the network solution is always a local minimum which depends on the initial 

conditions. 

" the robustness of the algorithm cannot be relied on, and therefore the results may 

be unfeasible. 

" there is a lack of a mapping method to determine weights in the energy function. 

However later researchers improved the energy function and modified the algorithm to 

produce reliable feasible solutions. At the same time various methods were developed 

to escape from local minima. Van den Bout and Miller [83] improved the performance 

of the original Hopfield neural networks using the mean field annealing algorithm 

with neural normalization. The same authors have applied their method to the 
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travelling salesman problem. Abe [131,132] explained the convergence region of a 

local minimum in the Hopfield neural network. He determined weights in the energy 

function for the TSP such that the feasible solution becomes stable. 

In addition some researchers have developed better problem mapping in order to 

improve the overall quality of their solutions. Aiyer et al. [133] developed a mapping 

technique which identified the valid constraints in the energy function using a single 

constraint term. In the early mapping techniques, by contrast, the energy function has a 

constraint term for each constraint. Aiyer [134] successfully solved the travelling 

salesman problem. Gee, Aiyer and Prager [135] discussed a new methodology to 

improve the performance of Hopfield networks, by formalizing the mapping process 

and providing a computational method for obtaining the weights and biases. Gee and 

Prager [136] improved their mapping to solve quadratic 0-1 programming problems 

with linear equality and inequality constraints. They applied this mapping technique to 

a few specific problems such as the travelling salesman, knapsack and the Hamilton 

path problems. This method is quicker and more accurate and is thus more efficient 

than the original Hopfield neural network method [82]. 

In this chapter, a method using a new mapping technique which has been described in 

[134,136], for Hopfield neural networks to solve quadratic programming problems is 

proposed. Quadratic programming problems are subject to a number of inequality and 

equality constraints which can be handled by adding corresponding terms to the energy 

function. For the mapping of quadratic programming problems, Aiyer's approach 

[134] has been combined with a slack variable technique for inequality constraints 

[136,137]. An efficient simulation algorithm has been used to solve the dynamic 

equation of the Hopfield NN where the time step has been calculated. This approach 

was used for solving the economic dispatch and the unit commitment problems by 

Yalcinoz [138] and is described further in this thesis. 
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4.1 Mapping technique for quadratic programming problems 

Chapter 3 gives the basic idea and formulations of the Hopfield NN. The differential 

equations of Hopfield's continuous model [82] are defined as follows: 

du; u; b +T.. xj +i; 
dt 11 i ; _, 

This model is based on continuous variables and responses. Weights T and input 

biases ib for any minimization process must be defined. Hopfield [82] gives the 

network's energy function as 

E(x) 
21x 

rTx 
- xTie 

The energy function is a quadratic function that is associated with the cost function for 

minimizing the optimization problem. In this particular case T is assumed to be symmetric. 

Unit commitment and economic dispatch problems can be mapped onto the Hopfield 

NN for solution. To do this, we combine here the improved Aiyer's mapping 

technique that has been described for quadratic 0-1 programming problems with linear 

equality and inequality constraints [134,136] with Abe's formulation [137] for 

inequality constraints. 

The quadratic problem can be written as 

minimize Eoe' (x) xT Toe' x- xT ioe' (4.1) 
2 

under the equality constraints: 

A eq x=b cq (4.2) 

and under the inequality constraints: 

A... x-<b"� (4.3) 
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or A"x >- U 
'n 

60 

(4.4) 

where x is the n dimensional variable vector, T°bi is an nxn symmetrical constant 

matrix and ioei is the n dimensional constant vector. 

The simple quadratic problem without inequality constraints presented in [ 136] is first 

considered. The feasible solution for equality constraints can be described as 

X= Tconstr X+S (4.5) 

where T`°nstr =I- Ae9T (A gAeqT )-IA eq (4.6) 

and s= A"' (A` 1 Aey') b`: q (4.7) 

For this case, the energy function can be written as 

E= E' bj +1 Co 
ýX- (Tconstr X+ s)11z (4.8) 

2 

and if, in the limit of large C0, Eqn. 4.5 is satisfied, then the equality constraints (Eqn. 

4.2) are also satisfied. The equality constraints have been combined into a single 

penalty term in the energy function. The network's weights and input biases are set as 

follows for satisfying the energy function (Eqn. 4.8): 

T= Tobi + Co (Tconstr _ 
I) 

16 =1 obJ +CoS 

(4.9) 

(4.10) 

The mapping technique can be extended to include the inequality constraints which 

are converted to equality constraints by introducing slack variables [136,137]. The 

slack variable technique as presented by Abe et al. [137] was applied to inequality 

constraints where equation 4.3 can be converted for the i-th inequality constraint as 

follows using a slack variable y; : 
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bý° y, -A; ° x; =0 where y _<1 
(4.1 1) 

Equation 4.4 can be rewritten as 

b; ° y, -A; ° x; =0 where y; >1 (4.12) 

After converting inequality constraints to equality constraints we can extend the 

mapping technique for the inequality constraints. For this case, variables x are set as 

x°eWT _ [xTyT], where y is the vector of slack variables [y, y2...... y ; ]' : therefore, 

the size of xne' is n"" =n+ m'° where n and m'° are the number of variables and 

inequality constraints respectively. The optimization problem may be stated as 

Eobj(x)I x"""'TflCvV xncýý' -XnewT 
fl vV , i>ý 

2 
(4.13 ) 

subject to Anewxnew = bnew (4.14) 

Tob 

where b` is a vector (meq +m`°) Tnew, b is equal to and i0e` "" is equal to 
00 

I 

0 

obj 

The equality constraints (Eqn. 4.14) consist of both original equality (Eqn. 4.2) 

and inequality constraints (Eqns. 4.3 and 4.4). We can set the network's parameters as 

Eqn. 4.9 and Eqn. 4.10. Hence the Hopfield NN is created with n neurons for 

variables and m`n neurons for slack variables. 

4.2 Efficient simulation algorithm 

The differential equation (Eqn. 3.1) of the Hopfield NN can be solved using the 

numerical techniques for initial value problems if each processing element is given an 

initial value, u; (0). Here, a few simulation algorithms are discussed. 

An Euler approximation of the continuous differential equation (Eqn. 3.1) has been 

used for computer simulations of the Hopfield NN [821 but it requires a very small 
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time step At at each iteration. If the time step is increased too much it is possible for 

the algorithm to become unstable. The continuous Hopfield NN is shown in Figure 

4.1. The change of u is given by 

Au =At(-u+Tx+ie) 
Ti 

Figure 4.1 The continuous Hopfield NN 

Figure 4.2 The projection network implementation 

Aiyer [134,135] proposed the projection network implementation in order to 

overcome the continuous Hopfield network's problems. The modified network needs 

less iterations than the continuous Hopfield network and has one parameter At. In 
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contrast, the Hopfield network [82] has five parameters (A, B, C, D and At) for the 

travelling salesman problem. The projection network implementation is shown in 

Figure 4.2. Firstly, in box 2, x is updated over a finite time step At using the objective 

term E°bj alone. Then, in box 1, updated x is directly forced to the valid region. 

We slightly adjust Aiyer's simulation algorithm as shown in Figure 4.3. This 

simulation algorithm is based on the Projected Gradient technique. Each iteration has 

two separate stages. Firstly, in box 1, x is updated over a finite time step At using the 

objective term Eob3 alone where the time step is usually determined empirically by 

running some trial simulations. In this study, we calculate the time step instead of 

doing a number of trials in order to find the time step. The time step At depends on the 

objective function and constraints. As in the method of steepest descent [139], we can 

define the residual as 

r=s -TcoItrX 

In our case, as the residual depends on the constraints, the time step can be calculated 

as 

rTr 
4T=- 

r'Tobjr 
(4.15) 

This formula was empirically defined as given in Ref. 139. 

At may be interpreted as the time step or, more precisely, the convergence rate. Then, 

in box 2, updated x is directly forced into the valid region. The slack variables y; are 

forced into the valid region according to Eqn. 4.11 and Eqn. 4.12. For example, slack 

variables y; are equal to or less than 1 for inequality constraints (Eqn. 4.3). In the 

convergence box in Fig. 4.3, the difference between the values of the cost function 

calculated by the present iteration and the previous iteration is checked. If the 

difference is smaller than the tolerance selected, the calculation will be stopped, 

otherwise the new cost value will be calculated. This is an iterative process. 
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Figure 4.3 Simulation algorithm 
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Traditionally, the Hopfield NN applies the sigmoidal activation function to describe 

the neuron's input-output characteristics. In this study, a linear function is chosen for 

the input and output function as shown in Fig. 4.4. This allows outputs to take on any 

values. This algorithm is more efficient than the Euler algorithm because the time step 

can be larger than the Euler algorithm without violations. 

)Ut 

Figure 4.4 Input output function 

4.3 Alternative calculation for the time step 

The important question is how big a time step should we take? From basic calculus, 

the time step At minimizes the energy function E when the directional derivative 

d(o, ý 
E(x(, 

)) 
is equal to zero. By the chain rule, 

dýöý> E(Xý, >) =E (Xý>>) ý 
did x(,, =E (X 1) )T r(0) (4.16) 

where r is a residual. Let us start from the energy function E and put the Eobi, Eqn. 4.1, 

into the energy function Eqn. 4.8, then 

Outaut a 
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E= Eobj +II collX - (TconstrX + 5)1j2 
2 

becomes 

1E_- 
XT[Tobl + Co (TconStr - 

I)]X 
- XT( 1 obj + C0S) +1 Co ST S 

The network's weights and input biases are set as Eqns 4.9 and 4.10. Then we can 

rewrite the energy function as: 

1E=- 
XT TX -XTIb+2 COSTS 

2 
(4.17) 

If the directional derivative 
ýý 

E(x,,, ) is equal to zero, we can calculate the residual At) 

as 

r(j) = -E (x(1))=Tx(1)+ib (4.18) 

Rewriting equation 4.16 using Eqn. 4.18 in order to determine the time step At, 

E (X(1)) r�, - i�, r�) =0 

and (Tx(l)+ib)T r(0) =0 

where x(l) can be calculated as x(, ) = x(0) + At r(0) . Then we have 

(T(x(o)+Atr(o))+ib)T r(0) = ((T x,,,, +ie)+AtTr(o) )' r(o) =0 

(r(0) + At Tr(O) )T r(0) =0 (4.19) 

According to Eqn. 4.19, the time step Jt can be calculated as 

At (4.20) 
rTr (0) (0) 
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Here, an alternative formulation for the time step is described. The formulations 

(Eqns. 4.15 and 4.20) of the time step will be applied to the economic dispatch 

problem and compared in Chapter 6. 

4.4 Side constraints 

The variables may be restricted to be within certain limits. The generator outputs 

which are variables for solving the unit commitment and the economic dispatch 

problems should be between lower and upper generation limits. Therefore, side 

constraints should be taken into account. Aiyer [134] and Ogier and Beyer [140] 

studied steepest descent dynamics. Later, Gee [141] and Gee and Prager [136] have 

proposed the steepest descent dynamics for quadratic 0-1 programming problems. The 

variables are limited to the range from zero to one. The steepest descent dynamics can 

be implemented in analogue hardware [141] as the Hopfield NN. Similar dynamics 

can be used for solving the unit commitment and the economic dispatch problems in 

order to handle the side constraints. 

Xmax, i 

g(x1) 

Xmin, i 

opý 

x; 

Figure 4.5 Input output function of the variable i 
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The mathematical formulation of the quadratic problem was given in Eqns. 4.1-4.4. 

The side constraints can be added into this formulation and can be written as 

Xmin, 
i 

< Xi < Xmax, i 
1= 1ý... 

ý11 (4.21) 

where x= [x1,..., x,; ] is the vector of variables and x,,;,; and x, nax, j are lower and upper 

bounds respectively. The quadratic problem with the side constraints can be solved as 

described in Section 4.1. The differential equation of the Hopfield NN can be solved 

using the proposed algorithm in Fig. 4.3. A symmetric ramp function is chosen for the 

input-output function and is applied to each element of x. Figure 4.5 shows the 

activation function of the variable (neuron) i which is described as 

Ix if x>x 

x; = g(xi) = xi if xMin, xi <_ xm, x, i -(4.22) 

X max,; 
if x; >x [mX,; 

The activation function of each neuron is modified to limit the output value between 

lower and upper bounds. 

4.5 Conclusions 

In this chapter, for quadratic programming problems with inequality and equality 

constraints, an improved Hopfield neural network has been outlined. Gee and Prager 

[136] discussed a new mapping technique for quadratic 0-1 programming problems 

with linear equality and inequality constraints and this special methodology improved 

the performance of Hopfield neural networks for solving combinatorial optimization 

problems. A similar mapping technique has been proposed for quadratic programming 

problems. Constraints can be handled by adding corresponding terms to the energy 

function. For the mapping of operational planning problems, Aiyer's approach [134] 

has been combined with a slack variable technique for inequality constraints 

[136,137]. We used Abe's slack variable technique [137] for inequality constraints. 

Simulation algorithms were examined and a time efficient simulation algorithm has 
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been presented. The time step of this algorithm has been calculated using two different 

formulations (Eqns. 4.15 and 4.20). Finally, a symmetric ramp function has been 

chosen for the input-output function and has been applied to each of elements of x for 

handling side constraints. 
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CHAPTER 5 

THE UNIT COMMITMENT PROBLEM 

The unit commitment problem is computationally intensive because the task is to 

schedule the on/off status and the power generation level of many generating units. 

Mathematically, the problem can be classified as a mixed integer and non-linear 

optimization problem consisting of both integer and continuous variables with a large 

number of inequality and equality constraints. The complexity of this problem 

increases noticeably with the number of units. Many techniques have been applied to 

the unit commitment problem to obtain better solutions such as, classical techniques 

which include linear programming, dynamic programming, Lagrangian relaxation, 

branch and bound methods and heuristic search techniques. They require very many 

calculations. In this chapter, a method using Hopfield neural networks to solve the unit 

commitment problem is proposed and discussed. 

5.1 Formulation of unit commitment 

The unit commitment problem is to find the best combination of starting up and 

shutting down the generators so as to minimize the total operating cost. The problem 

is to minimize an objective function F, which has three cost terms: the total generation 

cost, start up cost and shut down cost for all generators over the given period of time, 

subject to certain constraints such as start-up/shut-down costs, the limit of 

transmission capacity and transmission losses. 

The cost of producing electricity F;, k(P;, k) from the i-th generation unit during the k-th 

period is usually given by a quadratic equation of the form: 
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F 
k(P k) 

(ai +bi X Pi, 
k 

+Ci X P2k)Vi. 
k (5.1) 

where a;, b; and c; are the cost coefficients of the i-th generator and V;, k is the status of 

the i-th generator at the k-th period (V;, k =0: i-th generator is down, V,, k =1: i-th 

generator up. ) 

The start up cost F; °, " and the shut down cost F; down of the i-th generation unit during 

the k-th period can be represented by 

Vk = Si "V 
.k 

(Vi, k - Vi, k-I) 
(5.2) 

i, i 

down Cýdown Fi. 
k - ýI 

v 
i. k 

(Vi. 
k - 

vi. 
k) 

The objective function is given as 

nt 

F-ýY (Fi. k (Pik) + rk + Fidown ) (5.4) 
i=1 k=l 

where n is the number of units and t is total number of hours in the study period. 

In this study, load demand, transmission losses and transmission capacity constraints 

are taken into account. These constraints are written as follows: 

Load demand: Load demand for k-th period: 

n 
ýpi 

k -Pkt -Pk =O 

i=I 

where 

Pk D demand at k-th period 

PkL transmission losses at k-th period 

(5.5) 
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In power system operation, different methods are used to represent losses such as the 

B matrix loss formula, penalty factors [4] etc.. Here, in the unit commitment solution, 

transmission losses are calculated by the B matrix loss method as follows 

pl- = PT[B]P+PTB0 +Boo 

where 

Pa vector of all generator bus outputs 

[B] a square matrix of the same dimension as P 

Bo a vector of the same length as P 

Boo a constant 

Here, the transmission loss equation is derived in terms of power output of units. 

nnn 

Then pL =I I P; BI Pj +YB; o 
P; + Boo 

=1 j_i ; _i 

(5.6) 

where B-coefficients are defined using the bus impedance matrix of the system (for 

more information, see [8, pp. 543-548]). 

Capacity limits of generators: The generated power of the i-th generator should be 

between minimum, P1nin, 1, and maximum, P, �,,,;, generation limits: 

Pc 7ý< 
min, i 

pi 
max, i 

(5.7) 

Transmission capacity constraint: The unit commitment problem is frequently 

solved without accounting for transmission constraints. However, some researchers 

have taken transmission capacity constraints into account [18,19,21]. 
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Ps, l 
Ps, 

2 

Ps, 
m 

Figure 5.1 System Network Model 

Pt, 1 

Pt, 2 

Pt, 
n 
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Figure 5.1 shows a network model of two areas. Areas s and t have in and n generators 

respectively and loads P, D and P. Ps`P is the transfer power from area s to area t. We 

can rewrite the power balance equation (5.5) according to the network shown in Fig. 

5.1 as 

m 
s Psi -Pp -PD -PL /2=0 (5.8) 

i=1 

11 
Pr; +ptP_pD o L/2=0 (5.9) 

i=1 

with Ps It min <_ IPS P <_ IPp` P max1 (5.10) 

where 

ptp transfer power S' t 

P`,, min P' max transmission capacity limits 
s, t SA 

transmission loss of the line between areas s and t Pst 

PSD PtD 
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5.2 Mapping of unit commitment 

74 

We now make some assumptions for solving the unit commitment problem using the 

Hopfield NN approach. These are: 

1) power demand is constant during each period. 

2) transmission losses are calculated at the end of every period and then assumed to 

be constant over the next period. 

3) the initial state of all generation is given. 

The unit commitment has two steps; the first step is to determine the unit status and 

then based on this the second step is to run the economic dispatch program to obtain 

the optimal generation levels. 

The objective function of the unit commitment problem (Eqn. 5.4) can be divided into 

two parts: the cost of producing electricity and start-up/shut-down costs. The start up 

cost and shut down cost can be calculated after finding the unit status at the end of 

every iteration. 

We can set weights and input biases for the cost of electricity using the mapping 

technique which was described in Chapter 4. The Hopfield NN is created with n 

neurons for generators and m'° neurons for inequality constraints. 

The total cost of producing electricity is considered as the energy function of the 

Hopfield NN (Eqn. 3.4). Therefore the cost function is mapped as 

CI 0... 0 0 

T0bj = -2X 
0 C, 0 0 

0 0... 0 Cn 

lob _ -[b, b2 
.. 

b 
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We can convert the inequality constraints to equality constraints using Eqn. 4.11 and 

Eqn. 4.12. Then Anew and b"W can be written as 

e9 

A "e' _ 
Aand 

b" =b 
t9 

Ain big 

where Aeq and beq are defined from Eqn. 5.5 for the single area unit commitment 

problem and from Eqns. 5.8 and 5.9 for the two-area unit commitment problem. For 

example, for the single area unit commitment problem, we can define A`q and bey as 

Aeq is a vector which contains ones for units and zeros for slack variables 

and b" =P°+P, 

A" and b'° are defined from inequality constraint equations. Here, side constraints 

have been considered as inequality constraints. For example, the lower limit of the i-th 

generator may be converted to: 

Pi > Pmin, 
i r mini 

Yk- Pi =O 

where Yk >_ 1 (yk is a slack variable of the k-th inequality constraint) and we can define 

Ak'° and bk'° as follows: 

Ak = [0 0. . -1 0 0. . Pmin. i 0. . 0] 

and bk = 0. 

The other inequality constraints can be fixed as in the above example. After finding 

Attew and bnew , we can calculate T°°S`` and s using Eqn. 4.6 and Eqn. 4.7. Thereafter 

the problem can be solved using the efficient algorithm shown in Figure 4.3. In order 

to determine the unit status the input-output function is chosen as [119] 

Vi, k = g(Pi, k) =2 (1 + tanh((Pi. k -Pý. ý) / ß)) 
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where Vi, k is the unit status of the i-th unit at the k-th period, P;, k is the generation 

power of the i-th unit at the k-th period, Pm; n,; is the minimum generation limit and ß is 

a coefficient that determines the shape of the input-output function. We chose 0.001 

for 0 for all simulations. Thereafter the economic dispatch program was run to obtain 

the operation levels for determined unit status. The total cost of producing electricity 

of the economic dispatch problem can be mapped as described above. 

5.3 Simulation results of unit commitment 

In this study, the unit commitment method is demonstrated on a 6-bus, 3-generator 

system over a daily load cycle. The data for the unit commitment problem is shown in 

Table 5.1, and the load curve is shown in Figure 5.2. The day is divided into 12 

periods where the load demand varies between a minimum of 374 MW and a 

maximum of 853 MW. The initial state of unit #1, unit #2 and unit #3 is up, down 

and down, respectively. 

The transmission loss coefficients are given by 

0.0045 0.0006 - 0.0003 
B= 0.0006 0.0035 0.0006 

-0.0003 0.0006 0.0020 

Bo=[-0.0051 -0.0002 0.0013 ] 

Boo= 0.0027 
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Figure 5.2 The load curve 

Table 5.1 Data for 3-Generator system 
Unit #1 Unit #2 Unit #3 

Pmax/ Pmin (MW) 576 / 220 250 / 63 156 / 42 

Start up / Shut 

down cost [$] 

341.2/ 100 142,8/ 55 76.12/ 25 

Cost Coefficients 

ai / bi / ci 

329.44 / 5.538 / 

0.00026696 

157.62 / 6.0776 / 

0.0006816 

83.496 / 6.0776 / 

0.0028116 

ý% 

We give two case studies. The unit status V for case study 1 is given in Table 5.2 and 

their corresponding results of the proposed unit commitment method are shown in 

Table 5.3. No transmission line constraints are considered. In case study 2, we 

consider two areas connected by a transmission line with a capacity of 170 MW as 

shown in Figure 5.3. Area I includes two generators and Area 2 has one generator. 

123456789 10 11 12 

Period 
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The load demand in Area l is 70% of the total load demand. The load demand in Area 

2 is 30% of the total. The results of the second case study are shown in Table 5.4 and 

Table 5.5. All constraints of the unit commitment problem have been satisfied for 

these two case studies. 

The execution time for the first case study is 5.48 sec. on a Pentium 75 MHz IBM 

compatible computer. After including transmission capacity constraints (Case 2) the 

execution time is 5.88 second. 

Area 1 

Pý ý 

Load: 70% 
Of PD 

TOT 

P3 0 

PtPmax 170MW 

Losses PL 

Area 2 

P2 0 

Load: 30% 
of PD 

TOT 

Figure 5.3 Two-area system 

Table 5.2 Unit status for the first case study (no constraints) 
Period 123456789 10 11 12 

Unit #1 111111111111 

Unit #2 011110000111 

Unit #3 011100000111 
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Table 5.3 Simulation results for the first case study (no constraints) 

Period P° + P' (MW) Unit #1 (MW) Unit #2 (MW) Unit #3 (MW) 

1 407.1 407.1 0 0 

2 767.1 575.4 132.3 59.4 

3 777.2 575.7 141.3 60.2 

4 840.2 575.7 195.6 68.9 

5 679.1 575.8 103.3 0 

6 555.4 555.4 0 0 

7 406.1 406.1 0 0 

8 385.7 385.7 0 0 

9 434.8 434.8 0 0 

10 794.5 575.6 156.0 62.9 

11 822.8 575.4 180.3 67.1 

12 868.9 575.6 220.4 72.9 

Table 5.4 Unit status for the second case study 

Period 123456789 10 11 12 

Unit #1 111111111111 

Unit #2 011110000111 

Unit #3 010100000101 

() 
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Table 5.5 Simulation results for the second case study 

Period P° + PL 

(MW) 

Transfer Power 

(MW) 

Unit #1 

(MW) 

Unit #2 

(MW) 

Unit #3 

(MW) 

1 407.02 122.2 407.0 0 0 

2 767.0 96.31 574.9 133.8 58.3 

3 777.7 34.3 575.9 201.8 0 

4 840.2 56.4 575.3 195.7 69.2 

5 679.1 100.8 575.8 103.3 0 

6 555.3 166.8 555.3 0 0 

7 406.1 121.9 406.1 0 0 

8 385.5 115.9 385.5 0 0 

9 434.9 130.8 434.9 0 0 

10 794.4 83.6 575.6 155.1 63.7 

11 822.9 1.06 575.5 247.4 0 

12 868.6 44.6 575.3 218.4 74.9 

5.4 Conclusions 

SH 

In this Chapter, an application of Hopfield neural networks to the unit commitment 

problem has been proposed. Transmission capacity, transmission losses, start-up/shut- 

down costs and load demand constraints have been taken into account. The results 

demonstrated that this method is capable of being applied to unit commitment in 

power systems. In addition the results show that the proposed method can solve 

successfully the economic dispatch problem for a simple system. In order to apply the 

proposed method to large scale unit commitment problems, the augmented structure 

for the Hopfield NN which combines discrete and continuous neurons may be used 

[115,116,117]. Following encouraging results of the economic dispatch problem, this 

research concentrates on economic dispatch problems which need only continuous 

neurons. 
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CHAPTER 6 

ECONOMIC DISPATCH PROBLEM 

The economic dispatch problem in a power system is to determine the optimal 

combination of power outputs for all generating units which minimizes the total fuel 

cost while satisfying load and operational constraints. Economic dispatch is used in 

real-time energy management power system control by most background programs to 

allocate the total generation among the available units, as well as in interchange 

costing and billing, unit commitment and some other operational functions. The 

economic dispatch problem has been the subject of intensive research for a number of 

years and a summary of the solution methods is presented in Chapter 2 and references 

2,3,4,5,6 and 7. In this chapter, the possibility of using the Hopfield NN for solving 

the economic dispatch problem is investigated by comparing its performance with the 

classical optimization technique. 

6.1 Formulation of economic dispatch problem 

A fossil/generating unit's hourly fuel input is expressed as a function of its power 

output. This expression is referred to as the input-output curve, also called the heat 

rate curve, incremental heat rate curve or fuel cost curve. The input-output curve has 

been modelled as linear, piecewise linear, exponential, polynomial representing the 

conversion of energy from one form into electricity. In this study, the input-output 

curve is taken as a quadratic. Multiplying the input-output curve equation by the fuel 

price gives a fuel cost equation F1(P; ) as a function of the power output. The objective 
function F is equal to the total cost of producing electricity. 

Let us assume, the objective function is given as: 
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F=ýF; (P; ) (6.1) 

F(PS)=aj +b; xP1 +ci xP2 

where a;, b; and c; are the cost coefficients of the i-th generator, n is the number of 

units and P; is a power output of the i-th generator. The objective function is subject 

to: 

Load demand: 

n 

i=1 
(6.2) 

where P° is the demand and pL is the transmission losses. In this study, transmission 

losses are calculated by the B matrix loss method as follows. 

n 

P` B; P; 2 (6.3) 

where B; is the transmission loss coefficient. 

Capacity limits of generators: 

(6.4) mini 
Pi < Pmax, 

i 

6.2 Mapping of economic dispatch 

In this study, a new method using the Hopfield neural network, which was described 

in Chapter 4, is applied to the economic dispatch problem. First, we have to set 

weights and input biases for the economic dispatch problem using the mapping 

technique which was described in Section 4.1. The mapping of the ED is quite similar 

to the mapping of the unit commitment problem found in Section 5.2. We use n 

neurons for generators and m'° neurons for inequality constraints. 
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The cost function of the economic dispatch problem (Eqn. 6.1) is considered as the 

energy function of the Hopfield NN (Eqn. 3.4). Therefore weights Toes and input 

biases , obi of the cost function are set as follows: 

obj 
_ ýý - -Z Ci 

obj 
_o 

ii obj = -bi 

where b; and c; are the cost coefficients of the i-th generator. The constraints of the 

economic dispatch problem can be handled by adding corresponding terms to the 

energy function. We can convert inequality constraints to equality constraints using 

Eqn. 4.11 and Eqn. 4.12. Then A' and bnew can be written as 

yy 
A new 

_A and b new 
= 

Ain 
b"" 

bin 

where Ae' and beg are defined from Eqn. 6.2 as follows: 

Acq =[1 ]... 100 0] 

n generators m slack var iables 

and beq = pD + pL 

A' and b`° are defined from inequality constraint equations. For the economic dispatch 

problem, there is no inequality constraint. However, the ED problem has side 

constraints which can be treated as inequality constraints or can be handled by a 

modified activation function as explained in Section 4.4. 

Let us deal with side constraints as inequality constraints. Inequality constraints can be 

converted to equality constraints using Eqn. 4.11 and Eqn. 4.12. For example, the 

lower limit of the i-th generator may be converted to: 

Pi Pmin, i 
Pmin, i Yk - pi =0 
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where Yk >_ 1 (Yk is a slack variable of the k-th inequality constraint) and we can define 

Ak`° and bk'° as follows: 

in = [0 0 
... -1 00... Pmin, i 0 

... 
0] 

i-th generator (n+k)-th column 

and bk=0 

where n is the number of generators. The side constraints of generators can be fixed as 

in the above example. 

Pmax, 
i 

g(P1) 

Pmin, 
i 

1 
Pi 

Figure 6.1 The input-output function of the generator i 

Another way is using modified activation functions for taking into account side 

constraints. The activation function of each neuron is changed to limit the output value 

of each neuron between the minimum and maximum generating capacity of each unit. 

Figure 6.1 shows the input-output function of the generator i. The activation function 

of the neuron i (generator i) is given as 

Pmin, 
i 

if Pmin. 
i 

> Pi 

Pi = g(Pi) = Pi if Pmin. i Pi Pnu,.. i 
Pnlix. i if Pi > Pnn, 

x. i 
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After finding Anew and bneW Tons" and s can be determined using Eqn. 4.6 and Eqn. 

4.7. Afterwards we can set new weights and new input biases using Eqn. 4.9 and Eqn. 

4.10. Then the Hopfield NN is created for solving the economic dispatch problem. At 

this stage, we have to solve the dynamic equation of the Hopfield network using 

numerical techniques. 

In this study, the dynamic equation of the network can be solved using the algorithms 

described in Section 4.2. The first method is an Euler approximation of the continuous 

differential equation (Eqn. 3.1) which has been used for solving the dynamic equation 

by Hopfield and Tank [82]. Figure 4.1 shows the continuous Hopfield NN which will 

be called the standard Hopfield NN (SHN). The second method is the projection 

network implementation which has been proposed in order to overcome the 

continuous Hopfield network's problems [134,135]. The projection network 

implementation is shown in Figure 4.2 which will be called Aiyer's improved 

Hopfield NN (AHN). Figure 4.3 shows the slightly updated Aiyer's simulation 

algorithm, based on the Projected Gradient technique and here it will be called the 

first proposed neural network algorithm (PHNI) which has been applied to the 

economic dispatch problem by Yalcinoz and Short [128,138]. Side constraints of the 

ED problem are treated as inequality constraints before using these algorithms for 

solving the dynamic equations. 

If side constraints are handled using modified activation functions as described in 

Section 4.4, Eqn. 4.22, and the proposed algorithm shown in Figure 4.3 is used for 

computer simulations, this process will be called the second proposed neural network 

algorithm (PHN2). 

Note that, we can use any formulation of transmission losses for the economic 

dispatch solution but here, transmission losses are calculated using Eqn. 6.3 which is a 

simplified equation of Eqn. 5.6, described in Section 5.1, because of the used data. 
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Transmission losses are calculated at the end of every period and then assumed to be 

constant over the next period. 

In the next section, simulation algorithms are compared and discussed 

6.3 Simulation results of economic dispatch 

In this work, the proposed economic dispatch methods are applied to seven test 

systems which have 3,20,40,80,120,160 and 240 units respectively. The results 

obtained from the proposed neural network algorithms are compared with the results 

of the classical optimization technique (CM) which is based on the Sequential 

Quadratic Programming method, standard Hopfield NN (SHN) and Aiyer's improved 

Hopfield NN (AHN). The classical optimization program was written using the 

Matlab Optimization Toolbox and the other programs which implemented the 

proposed methods (PHN1 and PHN2), SHN and AHN were also written in Matlab. 

The Sequential Quadratic Programming method (CM) is described in Appendix A. 

The programs were executed on a Pentium 75 MHz PC with 8 Mb RAM. 

Table 6.1 Data for 3-Generator system 

Unit #1 Unit #2 Unit #3 

Pmax / Pmin (MW) 600 / 150 400 / 100 200 / 50 

Cost coefficients 

a; / b; / c; 

561 / 7.92 / 

0.00156 

310 / 7.85 / 

0.00194 

78 / 7.97 / 

0.00482 

The first test system, which has three units - see reference [4], is chosen because this 

example has been a popular problem used in the literature [1 18,119,121,122]. Details 

of this test system are given in Table 6.1. Transmission losses are calculated using 

Eqn. 6.3. The transmission loss coefficients B are given by 

B= [0.00003 0.00009 0.00012] 
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Table 6.2 Results of CM, SHN, AHN, PHNI and PHN2 for 3-unit system 

87 

Methods P°+PL Output of generators (MW) Cost Error CPU Iteration 

(MW) P, Pz P3 ($/h) % time (s) no. 

CM 342.762 152.18 140.57 50.00 3742.9 ---- 0.44 ---- 

SHN 342.754 170.35 104.18 68.211 3748.5 0.15 12.91 7650 

AHN 342.762 159.64 133.02 50.092 3743.1 0.0053 0.99 500 

PHN1 342.762 152.52 139.85 50.381 3742.9 0 0.16 11 

PHN2 342.77 152.23 140.54 50.00 3743.0 0.0026 0.38 11 

Methods P°+Pr Output of generators (MW) Cost Error CPU Iteration 

(MW) P, P2 P2 ($/h) 17( time (s) no. 

CM 867.14 401.22 341.08 124.84 8351.4 ---- 0.93 ---- 

SHN 867.12 373.73 310.27 183.12 8370.6 0.23 16.75 10000 

AHN 867.14 383.79 331.98 151.362 8355.4 0.0479 0.99 500 

PHN 1 867.14 401.67 340.66 124.81 8351.4 0 0.11 9 

PHN2 867.14 401.66 340.66 124.82 8351.4 0 0.05 11 

Methods PD+PL Output of generators (MW) Cost Error CPU Iteration 

(MW) P, P, P3 ($/h) % time (s) no. 

CM 1179.1 592.33 400.00 186.77 11295 ---- 0.66 ---- 

SHN 1179.07 583.55 397.93 197.58 11297 0.0177 16.86 10000 

AHN 1179.1 582.96 398.77 197.36 11297 0.0177 0.99 500 

PHN 1 1179.1 592.52 399.57 187.01 11296 0.0089 0.33 7 

PHN2 1179.12 591.33 400.00 187.79 11296 0.0089 0.33 11 

In Table 6.2, the results of the proposed methods (PHNI and PHN2) are compared 

with the results of the classical method (CM), standard Hopfield NN (SHN) and 

Aiyer's improved Hopfield NN (AHN) for 3 load levels. It is seen that there is 

negligible difference in the values between the proposed methods and the CM. The 
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error is calculated as the percentage difference between the values of the cost 

functions of the neural networks methods and the classical method. We can formulate 

the errors or differences as 

NN method's cos t- CM' s cos t Err = X100 % 
CM' s cos t 

(6.5) 

The errors of the SHN and the AHN are 0.132% and 0.023% respectively but their 

execution times are slower than the CM. For example, SHN is about 15 times slower 

than the CM. On the other hand, the proposed methods are about 2-9 times faster than 

the CM. The errors of the proposed NN methods (PHN I and PHN2) are around zero. 

For the 3-unit system, PHN I performs better than PHN2. 

The test system selected is the Taiwan power system with 40 units which is given by 

Chen and Chang [44,45] and the 20 unit test system has been derived from the 40-unit 

system. The larger test systems of 80,120,160 and 240 units have been created simply 

by expanding the 40-unit test system. The data of 20,40,80,120,160 and 240-units 

systems is given in Appendix C. For large systems, we do not calculate transmission 

losses because of the lack of data. 

Table 6.3 Results of CM, SHN, AHN, PHN I and PHN2 for 20-unit system 

Methods Cost 

($/h) 

Error 

% 

CPU 

time (s) 

Iteration 

no. 

CM 78636 ---- 13.9 ---- 

SHN 91531 16.4 45.37 10000 

AHN 79031 0.5 6.31 1000 

PHNI 78854 0.28 0.88 6 

PHN2 78690 0.068 0.49 10 
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The results of the proposed methods are shown in Table 6.3 and compared against the 

results of the CM, the SHN and the AHN for the 20 unit system with 5500 MW load 

demand. The obtained operation cost by the SHN is 16.4% more than the CM, in 

contrast, the obtained operation costs by the AHN and the PHN1 are 0.5% and 0.28% 

more than the CM respectively. The PHNI method is approximately 6-45 times faster 

than the CM, the SHN and AHN, but about 2 times slower than the PHN2. The PHN2 

provides better and faster solutions than the other neural network methods. In addition, 

PHN2 is 28 times faster than the CM with 0.068% error. Oscillation is also extremely 

reduced from 10000 for the SHN to less than 20 iterations for the proposed methods 

(PHN I and PHN2). In contrast, the slope adjustment and the bias adjustment methods 

[125] needs about 100 iterations and takes about 2 and 4 sec. respectively on the 

Compaq 90 MHz Pentium PC for a 10-unit test system. The PHN I and PHN2 take 

only 0.88 and 0.49 sec. respectively on the Pentium 75 MHz PC for a 20-unit test 

system. 

Table 6.4 Results of PHN1, PHN2 and CM for larger systems ranging 

from 20 to 240 units for a single load level in each case 

Units Load Operation cost (thousand $/h) Error % of Execution time (s) 

no. (GW) CM PHN1 PHN2 PHNI / PHN2 CM PHN1 PHN2 

20 5.5 78.636 78.854 78.69 0.28 / 0.068 13.9 0.88 0.44 

40 9.5 128.4 128.69 128.59 0.22 / 0.147 294.73 1.48 0.49 

80 20 271.9 272.58 272.15 0.25 / 0.09 1835.6 11.92 0.88 

120 31.5 431.7 432.6 431.89 0.21 / 0.04 6037.6 35.2 1.64 

160 41 559.5 560.7 559.8 0.21 / 0.05 43677 67.61 2.72 

240 57 770.55 774.9 771.52 0.57 / 0.125 312194 289.52 7.31 

Results for the six larger test systems are given in Table 6.4 for a single load level in 

each case. The average iterations of the proposed methods (PHN I and PHN2) are 

around twenty for all cases. Figure 6.2 shows the average execution times obtained for 
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seven test systems ranging from 3 to 10 load levels in each case of the PHNI, the 

PHN2 and the CM on a logarithmic scale. Figure 6.3 gives the ratio of the CM time 

average to the proposed methods (PHN 1 and PHN2) time averages. Figure 6.3 shows 

that the proposed methods are significantly faster than the classical method for large 

systems. For example the PHNI is about twice as fast as the CM for 3 units with 320 

MW load demand and in contrast the PHNI is about 646 times faster than the CM for 

160-unit 41000 MW load demand system. The average CPU time of the PHNI 

method varies from 5 to 1078 times faster than the classical method over the range 3 

to 240 units. In addition the average error is around 0.3% for the PHNI method. On 

the other hand, the average error of the PHN2 is about 0.12% and is very much faster 

than the CM and the PHNI. For instance, the PHN2 is about 16000 and 40 times 

faster than the CM and the PHNI for a 160-unit system respectively. The average ratio 

of the PHN1 time to the PHN2 time is demonstrated in Fig. 6.4. Obviously PHN2 is 

becoming faster with less errors than the PHNI for large systems. 
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Figure 6.2 Average execution times: PHN I, PHN2 and CM for seven test systems 

for a range of loads in each case 
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Figure 6.4 Average ratio of PHN I time to PHN2 time 
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Table 6.5 Results of PHN1 and PHN2 using the time step formulations 

Using Egn. 4.15 Using Eqn. 4.20 

Units Load PHN1 PHN2 PHNI PHN2 

no. (GW) Cost 

(k$/h) 

Time 

(s) 

Cost 

(k$/h) 

Time 

(s) 

Cost 

(k$/h) 

Time 

(s) 

Cost 

(k$/h) 

Time 

(s) 

3 1.03 9.8648 0.05 9.8648 0.22 9.8649 0.88 9.8718 0.28 

4 1.03 9.7587 0.11 9.7587 0.22 9.7589 0.93 9.7861 0.39 

20 5.5 78.854 0.88 78.69 0.44 78.754 1.05 78.676 0.5 

40 9.5 128.69 1.48 128.59 0.49 128.69 1.93 128.59 0.6 

80 20 272.58 11.92 272.15 0.88 272.33 20.43 272.17 0.93 

120 25 339.28 28.34 338.51 1.71 339.78 51.85 339.4 4.06 

160 38 516.65 102.54 514.35 2.97 517.91 317.5 514.28 4.5 

240 57 774.98 289.52 771.52 7.31 776.86 1362.4 771.51 9.78 

6.4 Effect of the time step and number of neurons 

92 

In any optimisation process, a time step (a step length) must be chosen. If time steps 

are too small, the search takes an unnecessarily large number of iterations. If time 

steps are too large, the optimum solution can only be poorly approached and the search 

can get stuck at a local optimum. Thus the time step is very closely related to the 

convergence behaviour of the optimisation model. Previous researchers have usually 

selected the time step empirically by running some trial simulations. For example, 

King et al. have discussed the effects of variations in the selection of Hopfield 

parameters and selected the parameters through experimentation. In this study, the 

time step is calculated instead of running a number of trials. The time step At depends 

on the objective function and constraints, and can be calculated using Eqn. 4.15 or 

Eqn. 4.20. Table 6.5 demonstrates economic dispatch results for different sizes of test 

systems using the time step formulations (Eqns. 4.15 or 4.20). For 3-unit and 4-unit 

systems, the proposed methods (PHN I and PHN2) work better if the time step is 
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calculated by Eqn. 4.15 instead of Eqn. 4.20. However, the PHN2 provides good and 

fast results for large systems using either of the formulations. On the other hand, the 

PHN 1 model gives faster result using Eqn. 4.15 for solving the time step. But, if the 

alternative formulation of the time step (Eqn. 4.20) is used, the PHN I works more 

slowly for large systems (120-unit, 160-unit and 240-unit systems) and the operational 

cost is higher than those of the PHN 1 where the time step is calculated by Eqn. 4.15. 
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Figure 6.5 Relation between CPU time and the number of neurons for PHN 1 

PHN2 provides significant improvements in performance over PHN 1, the main reason 

of this improvement being that PHN2 requires fewer neurons than PHN I. Therefore 

the sizes of the weights' matrix and the input biases' vector of PHN2 are smaller than 

those of PHN 1. Remembering that we use n neurons for generators and m'° neurons 

for inequality constraints, in the PHNI model, side constraints of the ED problem are 

treated as inequality constraints. Hence, n neurons for generators and two neurons for 

side constraints of each generator are used for solution of the ED problem. For 

example, the Hopfield NN is created with 360 neurons (120 neurons for generation 

powers and 240 neurons for side constraints) for the simulation of the 120-unit system. 

On the other hand, the PHN2 needs only 120 neurons for generation powers in order to 
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solve the 120-unit system as side constraints are taken into account using modified 

activation functions. The relation between the CPU time and the number of neurons 

for the PHNI method is shown in Figure 6.5. 

6.5 Conclusions 

In this chapter, it has been demonstrated that the Hopfield NN can be used in the 

solution of the economic dispatch problem. The proposed methods have achieved 

efficient and accurate solutions for test systems ranging from 3 to 240 units. The 

operational costs of the proposed methods have been higher than the classical method. 

The average errors incurred are around 0.3% for PHNI and 0.12% for PHN2 

respectively. These errors may be acceptable for practical systems. An important 

advantage of using the proposed methods is what it requires few iterations (around 20) 

for large systems. The average execution time of the proposed methods is much faster 

than the CM, the SHN and the AHN. The PHN 1 method is approximately 6-45 times 

faster than the CM, the SHN and AHN, but about 2 times slower than the PHN2 for 

the 20 unit system. The average CPU time of the PHNI method varies from 5 to 1078 

times faster than the classical method over the range 3 to 240 units. 
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CHAPTER 7 

ECONOMIC DISPATCH PROBLEM WITH 

TRANSMISSION CAPACITY CONSTRAINTS 

Power utilities try to achieve high operating efficiency to produce cheap electricity. 

Competition in the electricity supply industry is allowed in generation and in the 

marketing of electricity. Therefore, transmission capacity constraints in production 

cost analysis are very important issues in the operation and planning of electric power 

systems. 

For secure operation of a power system the generation should be dispatched so that 

transmission limits are not exceeded. Transmission limits can be based on thermal 

considerations or stability considerations. Thermal limits usually dominate for shorter 

lines and when a line is loaded above its maximum rating, thermal overload occurs. 

Stability limits dominate for longer line behaviour. When system voltage levels 

decline below minimum acceptable levels, or when reactive limitations are exceeded, 

voltage instability (voltage collapse) occurs. Transient instability happens when a 

generator loses synchronism during the first few swings after a disturbance. These 

instability conditions usually become more intense as the system loading increases. 

Therefore, these conditions produce limits on power transfer. 

In this study, a method using improved Hopfield neural networks to solve the 

economic dispatch problem with transmission capacity constraints is proposed. 
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7.1 Problem formulation 

The ED problem with transmission capacity constraints deals with the optimum 

allocation of generations to the available units to simultaneously minimize the total 

cost of generation subject to system constraints. The economic dispatch problem with 

transmission capacity constraints can be formulated as the economic dispatch problem 

as described in Chapter 6. We summarize the formulation below. 

Total cost of generation F in terms of control variables P can be expressed as; 

11 
F=Y. (a, +b; xP; +c; xP') 

i=i 

(7.1) 

where a;, b; and c; are the cost coefficients of the i-th generator. Total cost is subject to 

the system constraints: 

- Power balance equation is given as 
,1 

jjý 
-PD -PL =0 (7.2) 

i=1 

Plnin. i < Pi 1 
maxi (7.3) 

where pD is the demand and PL is transmission losses that can be calculated as 

p_Bi pit 

i=1 

where B; is the transmission loss coefficient. 

- Transmission capacity constraint can be handled as described in Chapter 5. A 

network model of two areas which areas s and t have m and n generators, respectively 

and loads PS° and P, D. PS`P is the transfer power from area s to area t is demonstrated 

in Fig. 7.1. The power balance equations of the network shown in Fig. I can be 

written as 
m 

P; -PSP -Ps° -PS`s /2=0 (7.4) 
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11 
Pt i+ PS P- Pt° -PS`s /2-0 (7.5) 

i=1 

with 
IP, " min <_ Pt P <_ PS P max (7.6) 

where P111 min and PP'; max are transmission capacity limits, Psýý is the transmission 

loss of the line between areas s and t. Here, active power flows are limited due to 

thermal considerations. 

Ps, 
l 

Ps, 
2 

Pt. I 

Pt2 

Ps, 
m 

Figure 7.1 System Network Model 

7.2 Mapping of the problem 

Pt, 
f 

The ED problem with transmission capacity constraints is very similar to the 

economic dispatch problem. Therefore, the mathematical problem formulation and the 

mapping into the Hopfield NN are very similar. 

For the problem, weights and input biases of the cost function (Eqn. 7.1) are set as 

described in Section 6.2. The ED problem with transmission capacity constraint has 

two equality constraints for the two-area system which is shown in Fig. 7.1. A9 and 

be4 are fixed using Eqn. 7.4 and Eqn. 7.5 and written as 

psD ptD 
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11... 100... 0(-1)00 0 

m generators n generators Psi m slack variables 
Aý 

0 0... 01 1 ... 1(+1) 000 
m generators n generators Psi in 1n slack variables 

Ps° +P; /2 
and b`q = 

S't 

] 

Pt° +P /2 

A" and b'° are defined as explained in Section 6.2. Transmission capacity limits can be 

treated as capacity limits of generators which can be considered as inequality 

constraints or handled by a modified activation function which was described in 

Section 6.2. 

Then the Hopfield NN is created for solving the economic dispatch problem with 

transmission capacity constraints. The dynamic equation of the network can be solved 

using the efficient algorithm shown in Fig. 4.3. In this study the tolerance of 0.0001 

was introduced for stopping the iterative process in Fig. 4.3 for the proposed methods 

(PHN 1 and PHN2). 

7.3 Simulation results 

Here, we show simulation results of the proposed neural network methods (PHN 1 and 

PHN2) and the classic method (CM) and compare methods for solving the economic 

dispatch problem which includes transmission capacity limits. Case studies were 

carried out on four test systems which have 3,4,40 and 120 units, respectively. The 

complete data of 40 and 120-units systems are given in Appendix C. The programs 

using these methods for solving the ED with transmission capacity constraints were 

written in Matlab and executed on a Pentium 75 MHz PC. 

The first test system which has three units was given in Table 6.1. The transmission 

loss coefficients B are given by 
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B= [0.00003 0.00009 0.00012] 

Transmission losses are calculated at the end of an iteration and are then assumed to 

be constant over the next iteration. 

Area 1 

P', G 
Load: 70% 

D 
TOT 

P3 0J 

ptp 
max 

Losses PL 

Area 2 

P2 G 

Load: 30% 
of PD OT 

Figure 7.2 Two-area system 

For 3-unit and 4-unit systems, PHNI is compared with CM. In the first example, the 

transmission maximum capacity limit (PtPrnax) is set to different values which are 60, 

80 and 100 MW. Figure 7.2 shows two areas: Area l includes two generators and Area 

2 has one generator. The load demand in Area I is 70% of the total load demand, 

PDTOT. The load demand in Area 2 is 30% of the total load demand. The results of the 

case study are shown in Table 7.1. The average CPU time of the proposed method 

(PHNI) is about 12 times faster than the classical method. The error which may be 

calculated using Eqn. 6.5 is around zero. In this case study, the power is purchased 

from Area 2 and transmitted to Area I because unit 2 generates power more cheaply. 

The total operation cost is changed according to transmission capacity limits and 

transmission losses. For example, if the transmission limit is chosen as 60 MW, the 

total cost will be 9897.1 $/h for 1010 MW load demand and 23.1 MW transmission 

losses. The power flow will be 84.44 MW for 1010 MW load demand if the 

transmission limit is increased from 60 MW to 100 MW. Therefore, the transmission 

losses become 24.1 MW and so the total cost increases slightly to 9903.7 $/h. Other 

results for various load demands and transmission capacity limits can be seen in Table 

7.1. 
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Table 7.1 Simulation Results for 3-unit system 

Flow Limit pD+PL Operation cost ($/h) Power Flows of CPU Time (s) 

(MW) (MW) CM PHN1 Err % CM / PHN1(MW) of CM / PHN I 

814.7 7873.3 7873.3 0 60 / 59.92 0.94 / 0.06 

60 1033.1 9897.1 9897.1 0 60 / 59.99 0.82 / 0.06 

1127.2 10792 10792 0 56.4 / 56.3 0.72 / 0.11 

815.18 7876.7 7876.7 0 73.8 / 73.48 1.16 / 0.05 

80 1033.9 9902.1 9902.2 0.001 80 / 79.99 1.26 / 0.06 

1127.2 10792 10792 0 56.4 / 56.3 0.93 / 0.16 

815.18 7876.7 7876.7 0 73.8 / 73.47 1.04 / 0.05 

100 1034.1 9903.7 9903.7 0 84.9 / 84.44 1.15 / 0.05 

1127.2 10792 10792 0 56.4 / 56.3 0.88 / 0.16 

Transmission losses are neglected for demonstrating the effect of transmission 

capacity limits in the other case studies. 

In case study 2, we consider that a private company would like to produce electricity 

in Area 2 in Fig. 7.2 so a new generation unit is committed in Area 2. In this case, 

Area 2 has two units which are the unit 2 and a new unit called unit 4 which has a cost 

function as follows: 

F4(P4) = 250 + 7.5 P4 + 0-00181 P42,70 

_< 
P4 <_ 340 

The transmission maximum capacity limit is set to 90,120 and 200 MW. The results 

of the case study are shown in Table 7.2. The average CPU time of the proposed 

method (PHN I) for the case study 2 is about 17 times faster than the CM. The error is 

around zero. The power is purchased from Area 2 and transmitted to Area 1. The total 

cost could be cheaper by selecting larger transmission limits. 96 $/h could be saved for 


