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ABSTRACT

This paper presents a method to model the economic
dispatch outputs of the generators in the Jamaica power
system. This is done by using an MLP neural network to
model the function that relates the generators’ outputs and
total system demand at a time t to the output of a
particular generator at time (t+T), where T is the dispatch
period. This work is done as a first step in economic
dispatch prediction where not only the system demand is
predicted but also the economic outputs of the system
generators with inherent knowledge of systems
constraints and operating policies.
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1. Introduction

Economic dispatch (ED) is done by utilities on a day to
day basis in order to satisfy the total system load at
minimum operating costs [1]. The economic dispatch
procedure requires information concerning the generating
units available for dispatching. The procedure to
determine what units to make available is known as unit
commitment (UC). The UC procedure aims to determine
the best set of units to make available to supply the
forecasted system load in a future time period [2]. The
UC therefore requires a forecast of the system load for its
computations, the more accurate this forecast the more
economical the outcome of the UC calculations [3].

The load forecast can be classified as short term, with
forecasting times of a few minutes to several days, up to
long term with forecasting times measured in years [4].
For the ELD operation it is the short-term or sometimes
very short-term load forecasting that is of interest [5]. The
methods to solve the short-term load forecasting have
been roughly classified into two types in [6], they are:
statistical methods and Artificial Intelligence (Al)
methods. The statistical methods include stochastic time
series, Multiple Linear Regression and Auto Regressive
Moving Average (ARMA) methods, an overview of these
methods is given in [7]. The Al techniques include Expert
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Systems [8] and Artificial Neural Networks (ANN) [9].
The ANN has aso been used to model the load as a
Fourier expansion [10].

The load forecasting techniques are used to obtain an
estimate of the entire system load using historical data,
weather parameters, etc. to get the load on a single
generator it is necessary know the outputs of the other
system generator. This paper presents a method to model
the individual generator outputs as determined by the
Economic Dispatch calculations. The modeling is done
using a fully connected, feed-forward Multilayered
Perceptron (MLP) ANN that is trained on historical
economic dispatch data and is done as a first step toward
Economic Load Forecasting (ELF). ELF attempts to
forecasts the load to put on a generator that will allow the
generator to make its contribution to serving the system
load in the most economic way.

Section Il presents an overview of the problem then
Section |1l gives a brief overview of artificia neura
networks and the Levenberg-Marquardt training
algorithm. The architecture of the implemented ANN is
given in Section IV and the smulation design and results
obtained using historical ELD data are presented in
Section V. Section VI presents a brief discussion of the
work presented and Section V11 the Conclusions.

2. Problem Development

The economic dispatch problem can be described
mathematically as shown in Equation (1).

min(F (Ps))=>_P; (1)
i=1
subjected to the following inequalities:
I:)Gi min < I:)Gig I:)Gi max (2)

and the power balance constraint;
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where F(Pg) is the total fuel cost of the system, Pg; isthe
power generated by unit i where i = 1,2,3,....N (the total
number of generating units), Pg; i, and Pg; ... are the
lower and upper power generating limits of unit i, Py is
the total power demand [11].

The result of the ELD calculations is the output of
each generator on the system that will meet the system
load the most economically. This calculation is normally
done periodically throughout the day during normal
system operation. For proper operation the load has to be
forecasted with at least the same time resolution as the
ELD updates, in addition the ELD datais usually archived
and so there is a large amount of it making it suitable for
usein ANN training.

For the ELD calculations a load forecast is needed
and this can be obtained by modelling the load. The
power system load can be modelled as a combination of
four components as shown in Equation (4) below.

L=L+L,+ L+ L 4
where L, is the normal part of the load as determined
from historical load behavior, L, is the weather sensitive
part of the load, L, is the part of the load sensitive to
specia days and L, is the random part of the load
determined by random behavior of utility customers[12].
Since all generators contribute to the system load, the
output of any one generator must be dependent on the
outputs of the other generator's on the system at any
given time. An extension of the previous statement is that
the output of a generator in time period t is dependent on
the outputs of the other system generators and its output
in time period (t-1). This statement is illustrated
mathematically in Equation (5) below where, Pg;(?) is the
output of generator i at timez.

= f(RE DRt DRy®&D) O

In this work Equation (5) is modelled with an MLP
ANN that is trained on historical data of the ELD power
outputs of the system generators at different time periods.

3. The Levenberg-Marquardt Algorithm

The MLP ANN is composed of a network of artificial
neurons arranged in various layers that are connected
together through connection weights in a fully connected
feed-forward architecture [13]. The neurons used for
implementing the MLP ANN in this work are continuous
output neurons. The neurons are made continuous by
using a sigmoid activation function for the neurons, this
allows a single neuron produce a continuous output
between zero and one. Figure 1 shows the neuron model
used to build the network.
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Figure 1: Artificial neuron

The neurons are McCulloch and Pitts [13] neurons
and work by finding the weighted sum of its inputs and
then pass this sum to the activation function. This is
illustrated in Equations (6).

y=f (ZN:Wixi +¢9ij

i=1

(6)

In Equation (6) w; is the weight of connection i, x; is
input i, 6; is the bias and f represents the activation
function. The activation function used in this work is the
sigmoid function shown in Equation (7) below.

1
-y

f(y)=1+e

)

The training of the MLP ANN is carried out by
adjusting the weights connecting the neurons in the
network [14], this can be done according to Equation (8)
below.

W, ;= W+A4W, 8

In Equation (8) w; represents the connection weight
at time t=k. The network is trained by finding a suitable
value for the Aw term. The most popular algorithm for
training the MLP ANN is the Back-Propagation
Algorithm (BPA) that adjusts the weights on the various
layers of the MLP ANN by propagating the error at the
output layer backwards through the network to obtain
corresponding errors on the inner layers [15]. The BPA
generally requires a lot of time for training making it
unsuitable for real time or close to real time online
operations. This low training speed of the BPA has led
researchers to develop faster training algorithms over the
years since its introduction. One of the most popular
developments of the BPA is the Levenberg-Marquardt
(LM) agorithm which gives faster training at the expense
of more memory use. The LM agorithm is an
optimization algorithm used to solve non-linear least
square optimization problems. It is derived from a
combination of the Gradient Descent (GD) and Gauss-



Newton (GN) optimization methods and is illustrated in
Equation (9) below [16].

-1
Aw=[3"TJ+pul | JTe )
In (9) J is the Jacobian, I the identity matrix, e the
error given by Equation (10) below and i the LM learning
rate that is adjusted depending on whether the error
increases in a step. If the error increases u is increased
otherwise u is progressively decreased at each step.
e=d- vy, (10)
In Equation (10) ¢; is the eror, d; represents the
desired output of the network and y, the actual output.

4. ANN for ELD Modelling

The system under study has 26 generators with the
outputs of all used as inputs to the ANN. Also there is a
portion of the load that is un-serviced at times, thisis also
used as an input to the ANN. We therefore have 27 inputs
and a single output representing the output of a single
generator in the future time period. In implementation the
ANN has 27 input neurons, one for each input, 15 hidden
layer neurons and a single output neuron, all neurons use
a log-sigmoid activation function. The architecture of the
ANN used is shown in Figure 2.
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Figure 2: ANN Structure

The network is trained incrementally using the LM
algorithm. The weights of the ANN are adjusted each
time an input is presented to it and an output obtained,
when all training samples are presented once this is
referred to in this work as one training cycle or epoch.
The training is terminated after 1000 epochs.

The inputs to the ANN are generator output valuesin
MW and since the neurons use a log- sigmoid activation
function, whose output is bounded between 0 and 1, they
have to be normalized before they can be presented to the
ANN. All inputs are therefore divided by the maximum
input value which is 123.9MW to normalize them before
they are presented to the ANN. The data set used for this
work is a whole month of ELD data from the Jamaica
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power system sampled at half hour intervals giving a total
of 1488 data paints.

The ANN was trained on 200 data points at a time
and after each training and evaluation the ANN weights
were then randomized and the ANN trained on the next
set of 200 data points. This was done to obtain a basic
view of how the ANN performs when trained on alimited
amount of data points, this is important for online
operation since it alows for faster training and hence
greater close-to-real time operation which is necessary to
ensure that the prediction results are obtained in a timely
manner.

5. Simulation and Results

The ANN was implemented in the Matlab environment on
a 1.6 GHz personal computer. The training algorithm use
isthe LM algorithm with incremental weight update.

The initial values for the weights are randomly
generated and are between 0 and 1. The inputs and the
desired outputs are normalized to the maximum input
value to ensure that they have values between 0 and 1.
The training set consisted of 200 data vectors each with
27 values that produce a corresponding 200 output values
that represent the output of one system generator. The
present output of the generator whose output is being
modelled is also an input and at time (¢+7) the actual
value of that generator is also used as an input and not the
forecasted value.

The training was carried out for 1000 epochs and
results showing a graphical comparison between actual
and ANN outputs are shown below in Figure 2 for the
first 200 data points and Figure 3 the second.

The performance of the ANN was evaluated by the
mean square error (MSE) equation shown below in
Equation (11).

N
MSE =%Z(di -y) (11)

In Equation (11) d; represents the desired output, y;
the actual output at interval i and N the total number of
samples. The MSE error obtained for the first 200 data
points is 6.563MW and for the second 200 points is
14.013.
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Figure 3: Comparison for First 200 Points
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Figure 4: Comparison for Second 200 Points
6. Discussion

It should be observed that in addition to the constraints
presented above in the definition of the ELD problem,
utilities generally have operating polices that are
determined by system security, stability, supply contracts
etc. that dictate the operation of some of the generating
units. The effects of these constraints are inherently
contained to the ELD output data and this knowledge is
captured by the ANN during training.

7. Conclusion

A method to model the ELD behaviour of generators in
the Jamaica power system by using an Artificial Neural
Network is presented in this paper. The proposed
approach uses a 3 layer MLNN to produce the ELD
output of a generator in the system at a time t given the
outputs of al the system generators and the un-serviced
load at time (z-7) where T is the ELD period. The results
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obtained show the comparison of the ANN output and the
actual ELD outputs when the ANN was trained for 1000
epochs on only 200 data points. The results show that the
ANN is able to model the ELD outputs with an MSE of
6.563 and 14.013. The modelling of the ELD outputs of
system generators is helpful in system analysis and
possibly load forecasting on individual generators and
system control.

Further work entails simulations of data acquisition
and training of ANN in real time system.
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