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Abstract

This paper presents a simultaneous formulation for the optimal real and#eactive power control
problem using the Neuro-Fuzzy and presents the comparison with Newton Raphsomwhich shows the
optimality of method. The objective is to find the power losses of the given system. The busivoltage,
system frequency and the reactive power mainly govern the limits for safe'opération of power
system. Generally we have power losses in the lines and inf@associated equipments. Any chafnge in
loads/generation in a power system changes the voltagelevel at different buses causing
corresponding changes in the power losses in the lines. Neuro-Fuzzy'models,were developed to solve
the losses assessment under steady state condition of the power'system. From the'study it is
concluded that Neuro-Fuzzy can be applied as@n effective tool for assessment of losses for improving
power quality problems in power system,
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I-_INTRODUCTION
The goal of power engineers is to provide an uninterruptedisupply of high quality power to customers in a secure
and economic environment. The guality supply means constant,voltage and constant frequency power supply
under normal operating conditions.
The power flow through a line in a power system isybilateral.#he flow of current through power lines is bound to
produce line losses. Ihese losses depend upon the'amount of current which in turn, is decided by the potential
difference betweén the two consecutivedbuses. Any change in loads/generation in a power system changes the
voltages level at differentlbuses causing corresponding changes in the power losses in the lines. For scheduling the
load dispatch such that the generation is most.economical, it is essential that the total load and the losses are
optimally apportioned among the various available generating units. This feature of power-lines necessitates an
adaptive assessment of the line'losses. [1-7]
The controls of the,power system are required to be quick and robust enough so as to withstand the sudden
unforeseen variation of load and/or generation and accordingly adjust the generation and/or load respectively
such that the continuity of the'supply power is maintained. Quick assessment of voltages at different buses, power
flow through lines, effect of changing loads on generation scheduling etc. are some of the issues which help the
engineer in decision making.[8] One of important aims of the ongoing research in the power-system engineering
is to reduce the power-system status assessment time. In recent years Artificial Neural Network has been
developed as an alternative tool for quick assessment of the performance of power-system. The main objective of
the work reported in this paper is focused at exploring and establishing the viability of using NEURO-FUZZY as an
powerful tool to assess the status of power lines quickly, to maintain the power quality [9].

Il. PROBLEM FORMULATION
The NEURO-FUZZY technique is totally different from the conventional techniques. It has got the unique feature
for mapping the relationship among the input-output features differently through its weighted links and the
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thresholds. An NEURO-FUZZY requires very little time to learn with the help of the given training input-output
values. A well trained NEURO-FUZZY provides the desired results, within permissible range of accuracy, practically
within no time. An elaborate study is performed on a sample 14-bus power-system. The figure and the data for 14-
bus system is given below. The load flow analysis was carried out for the sample 14-bus power-system using
Newton Raphson method on IDEAPAS software. Several solutions were obtained for training the NEURO-FUZZY
models with appropriate information. Results were also obtained for the test sets so as to compare the NEURO-
FUZZY results with that of the conventional methods and to check the accuracy of the suggested NEURO-FUZZY
model. A multi layer feed forward network with one hidden layer comprising of eight nodes was found to be the
most optimally suitable NEURO-FUZZY structure for the Analysis.

lll. ARTIFICIAL NEURAL NETWORK
In recent years, artificial neural network computing has become an important branch ofthe artificial intelligence
[10]. The ANN is the functional imitation of a human brain which simtilates,the humantintuition. In this study, ANN
is applied to the short term unit commitment [11], [12].

A. Structure of ANN
According to biological studies, the human brain is made up of billions'ef'neurons. Each heuron performs like a
computer with very limited capabilities. When thesefneurons are connected together, the most intelligent system -
a human brain is formed. Similarly, ANN represehts a new'class of computing systems$formed by hundreds and
thousands of simulated neurons, connectedgo each other in much the same way as the brain neurons are
interconnected. Each neuron has multi-inputs from other neurons,with assigned weights which represent the
strength of the input connections. The output of a neuron is determined by a signal which is proportional to the
sum of all the inputs as shown in Fig. 1.
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Fig.1. Structure of an Artificial Neuron

A three layer model is usedfor this application [13]. The input layer of the ANN is configured to adapt to a load
demand profile, which €onsists of M neurons, with M being the total hours in the schedule span. For the daily
scheduling, there are 24 neurons in the input layer to represent the forecasted load demand for the next 24hours.
Input neurons are normalized by the maximum swing in MW at each hour as:
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Where,

J—index for hour,

L —given load demand,

L — Normalized value of L,

Linax j — upper bound of L at hour j,
Linin j — lower bound of L at hour j

The neurons in the output layer form the output schedule, which is a N X M matrix, and N corresponds to the
number of units to be scheduled. A commitment schedule contains on/off states of edeh unit in every hour within
the scheduling time span. The state variable can only take 1 or 0 values, so the output layer matrix displays white
blocks for off or 0, and dark blocks for on or 1, as shown in Fig. 2 [14]. In this diSplay, a portiomof the schedule for
five units over a four hour period is presented. When the training is completed,”ANN will producethe
corresponding schedule pattern for any input load profile that is similatto Fig. 2 at'theedtput layer. However, if
the input loads profile is not exactly the same as any of the profilesgised inthe training, some of the output
neurons will take values between 0 and 1. In the graphical displdy, such neurons are represented bysgray blocks.
The brightness indicates the probability that the ANN assumes a 0 state, therefoke, darker display means that the
state is closer to 1. In other words, ANN cannot determine the exact on/off state of the\unit at'this hour, but it can
guess the value based on its previous knowledge. Such a graphical matrix with various'brightness is referred to as a
template. Obviously, a template reflects an approximated schedule for the given load profile, based on the existing
load profile-commitment schedule relationship§ in that particular power system. Fufther processing of a template
is needed to obtain an on/off commitmentschedule, so we refer to such template as a pre-schedule in the
following discussion.

‘on’ state

off' state

uncertain state

Fig.2. Example of ANN output display

IV. Fuzzy MODEL

The fuzzy controller is developed based on the optimal control theory. This is capable of obtaining a near optimal
fuzzy controller that is characterized by its systematic nature in design. Two fuzzy logic controllers are used in this
work. One controller for Area 1,2 and 3, which consists of three thermal plants, and the other controller are designed
for Hydro controller [15]. The design steps required for developing the fuzzy controller is as follows:

A. Choice of Process State and Control Output
A first step is to choose the correct input signals to the FLC. For this controller the choice of process state variables
representing the contents of the rule-antecedent (If-part of a rule) is selected as generator speed deviation (w) and




International Journal Of Advance Research In Science And Engineering http://www.ijarse.com
IJARSE, Vol. No.2, Issue No. I, January, 2013 ISSN-2319-8354(E)

change in speed deviation (w) signal. The control output signals (process input) variable represents the contents of
the rule-consequent (then-part of the rule) and denoted by (u).

B. Normalization
Normalization performs a scale transformation and it also called input normalization. It maps the physical values
of the current process state variables into a normalized universe of discourse. It also maps the normalized value of
control output variables into its physical domain (output de-normalization). For this controller, normalization is
obtained by dividing each crisp input on the upper boundary value for the associated universe.

C. Fuzzification
Fuzzification is the process of making crisp quantity to fuzzy. In many of the quantities that considered being crisp
and deterministic are actually not deterministic at all. Fuzzification is related to'the vaguenessiand imprecision in a
natural language. It is a subjective valuation, which transforms a measurementinto,a valuation of.a subjective
value. Hence, it could be defined as a mapping from an observed inputyspace to fuzzy sets'in certain input
universes of discourse. Fuzzification plays an important role in dealing with,uncertain information, which'might be
objective or subjective in nature.

A. Determination of membership function
The ranges of input and output variables are assigned with linguistic'variables. These variables transform the
numerical values of the input of the fuzzy controllerto fuzzy,quantities. These linguisti¢ variables specify the
quality of the control. As the number of the lingdistic variables increases, the computational time and required
memory space are increased. Among all membership functions, triangular membership function and gauss
membership function gives good results and easy.toimplementsSo.the triangular membership function and gauss
membership function are used for simulating the model(The generator speed deviation (w),change in speed
deviation (w) and control output are classified into Negative,maximum (w-vemax); Negative medium (w-vemed);
Zero (w-zero); Positive medium (w+vemed); Positive maximumiw-+vemax).

B. Knowledge Base
The knowledge basedf an FLC is comprised of two'components, a database and fuzzy control base. The concepts
associated with adatabase are used to characterize fuzzy control rules and a fuzzy data manipulation in an FLC. It
should be noted that'thecorrect choiceof the membership function of a term set plays an essential rule in the
success ofdn application. A leokup table'based on discrete universes defines the output of a controller for all
possiblé combinations of theinput signals! A'fuzzy system is characterized by a set of linguistic statements. It is in
the form of “IF-THEN” rules; these kules are easily implemented by fuzzy conditional statements. In fuzzy logic the
collection of fuzzyycontrol rules that are expressed as fuzzy conditional statements forms the rule or the rule set of
an FLC.

C. Defuzzification
This process is used to convert a fuzzy value back to the actual crisp output value for the final decision-making. The
simplest method of defuzzificztion is centroid method. The crisp control output (u) is obtained by
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D. Fuzzy Algorithm
In a fuzzy logic controller, the control action is determined from the evaluation of a set of simple linguistic rules.
The development of rule requires a thorough understanding of the process to be controlled, but does not require
mathematical model of the system. The internal structure of the fuzzy controller is shown in fig. 3, Here the error
‘e’ and change error ‘ce’ are used as numerical variable into linguistic variables ,the following five fuzzy levels or
sets are chosen .NB (negative big), NS (negative small), ZE (zero), PS (positive small )@nd PBy( positive big ).

The fuzzy controller is characterized as follows;

Five fuzzy sets for each input and output.

Triangular membership functions for simplicity.
Fuzzification using continuous universe of discourse.
Implication using mamdani’s ‘min’ operator.
Defuzzification using the ‘height’ method.
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Fig'3: DifferentMembenfunctions reépresenting different rules

V. NEURO-Fuzzy MODEL
Neuro-fuzzy is an intelligent product that combines two new forefront technologies [1]-[6], namely, fuzzy logic and
neural networks. By properly, combining these technologies, neuro-fuzzy attempts to solve the problems
associatédwith both fuzzy legiéiand neural nets. Neuro-fuzzy learns system behavior by using system input-output
data‘and’so dees not use any mathematical modeling. After learning the system’s behavior, neuro-fuzzy
automatically.generates Fuzzy Rulesiand membership functions and thus solves the key problem of fuzzy logic and
reduces the design cycle very significantly. Neuro-fuzzy then verifies the solution (generated rules and membership
functions). It also optimizes the number of rules and membership functions. The fuzzy logic solution developed by
neuro-fuzzy solves the implementation problem associated with neural nets. Unlike conventional fuzzy logic,
neuro-fuzzy uses new defuzzification, rule inferencing and Antecedent processing algorithms, this provides more
reliable and accurate solutions. These new algorithms are developed based on neural net structure. Finally, neuro-
fuzzy converts the optimized solution (rules and membership functions) into National’s embedded controller’s
assembly code. The fuzzy solution from neuro-fuzzy may also be obtained in standard C code. Fig.3 shows the
neuro-fuzzy in block diagram form.

It has 4 major blocks, namely,

1. Neural Net learning
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2. Fuzzy Rules and Membership function generator
3. Fuzzy Rule Verifier & Optimizer and
4. Automatic Code converter.
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Fig.4. Nero-Fuzzy Combining Neural Net

A. Neuro-Fuzzy Model for 14 Bus Syste

Fig.4. IEEE 14 Bus System

l. SIMULATION RESULT
The Real and Reactive power losses in IEEE 14 Bus system shown in Fig.4 is being calculated using Neuro-Fuzzy
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System and the results are compared with the classical method i.e. Newton Raphson (NR) Method. The program is
written in MATLAB. The Bus and Line data for IEEE 14 Bus system (Fig.4) is shown in Table 1 and Table 2

respectively.

The results show the optimality of the Nero-Fuzzy Method which gives the accurate Active and Reactive Power

losses in 14 Bus system which helps to perform the accurate load flow study.
The type of the Buses used for the simulation work is as:

1 —Slack Bus
2 —PV Bus
3-PQBus

Table 1 — Bus Data for 14 Bus System

Bus | Type
1 1
2 2
3 2
4 3
5 3
6 2
7
8 2
1.0 0 29.5 | 16.6 0
0 0 9.0 5.8 0
1. 0 0 3.5 1.8 0
1. 0 0 6.1 1.6 0
1.0 0 0 135 | 5.8 0
1.0 0 0 149 | 5.0 0
Table 2 — Line Data for 14 Bus System
From To R X B/2 X’'mer
Bus Bus (pu) (pu) (pu) TAP
0.05917 0.0264
1 2 0.01938 1

http://www.ijarse.com
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0.22304 0.0246
1 5 0.05403

0.19797 0.0219
2 3 0.04699

0.17632 0.0170
2 4 0.05811

0.17388 0.0173
2 5 0.05695

0.17103 0.0064
3 4 0.06701
4 5 0.01335

0.25581

0.0
0.13027 0.0
0.06615
0.17615 0.0
0.00
0.11001 0.0
7 9 0.00
0.08450 0.0
9 10 0.03181
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0.27038 0.0

9 14 0.12711 1
0.19207 0.0

10 11 0.08205 1
0.19988 0.0

12 13 0.22092 1
0.34802

13 14 0.17093

Table 3 shows the comparison of results of Neuro-Fuzzy with the Ne
the Neuro-Fuzzy method is more accurate to calculate the Acti
network and also faster compared to Newton Raphson Method.

From
bus

bsses in various fee

(MVAr)using

Q

Neuro -
Fuzzy

13.766

11.876

10.169

5.889

3.306

1.344

1.839

0.000

0.000

1.932

2.239

-0.000

-0.000

1.292

1.769

0.000

0.000

5.774

6.248

6-11

0.123

0.212

0.257

0.688

6-12

0.081

0.132

0.168

0.403
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In this paper the
of losses for 14-bus
Thus it is concluded th
power-system. Hence i

(1]
[2]
3]
(4]

[5]
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6-13 0.252 0.283 0.496 0.919
7-8 0.000 0.000 0.668 0.918
7-9 -0.000 -0.000 0.957 1.904
9-10 0.006 0.010 0.016 0.020
9-14 0.089 0.102 0.190 0.208
10-11 0.051 0.080 0.120 0.201
12-13 0.011 0.034 0.010 0.0 f
13-14 0.105 0.167 0.215 78
Total 13.593 16.739 56.910 6

i ‘ ‘ —— Active_NR (MW)

4 — Active_NF (MW)

Active Power Loss of Feeder (MW)

ive Power Loass of Feeder (MVAr)

Variati

0 2 14
Feeder

Jof Reactive Power Loss in various feeders of 14 Bus

VI. CONCLUSION

out to explore the applicability of Neuro-Fuzzy System for the direct assessment

tem. There is a slight percentage deviation in the active and reactive power losses.
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