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Abstract: Load forecasting is the technique for prediction of electrical load. In a deregulated market it is much
need for a generating company to know about the market load demand for generating near to accurate power. If
the generation is not sufficient to fulfil the demand, there would be Problem of irregular supply and in case of
excess generation the generating company will have to bear the loss. Neural network techniques have been
recently suggested for short-term load forecasting by a large number of researchers. This paper proposes the
load forecasting for the Power Grid Company Bangladesh Ltd. (PGCB) by using Artificial Neural Network
(ANN). It uses the advanced back propagation algorithm and the data from PGCB to train the system. This
thesis has proposed to train the network in summer and winter to minimize the power as well as the cost of
generation. It consists with the daily data of all seasons and the data of Friday, public holidays, Eid festival and
Durga puja which represent the holiday. The input pattern is considered from the load variation events. And
only that kind of inputs are chosen for which the shows a great performance by providing the output nearer to
the actual value. The network is implemented by MATLAB programming language and then the results are
compared and analyzed in terms of accuracy. For this thesis, more variables are used in the Neural Network
model to achieve more accuracy for better short-term load forecasting results
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I. Introduction

The electricity is the necessity in daily life and it is one of the main driving factors for country
economic. In order to provide sufficient electricity and make the economic grown continuously, the load
forecasting is required for the related electricity producers. At present, there is no substantial energy storage in
the electric transmission and distribution system. For optimal power system operation, electrical generation must
follow electrical load demand. The generation, transmission, and distribution utilities require some means to
forecast the electrical load so they can utilize their electrical infrastructure efficiently, securely, and
economically. Generation utilities use electrical load forecasting techniques to schedule their generation
resources to meet the future load demand. Transmission utilities use electric load forecasting techniques to
optimize the power flow on the transmission network to reduce congestion and overloads. Distribution utilities
would not have much interest in short-term electric load forecasts as their distribution systems are
predominantly radial with predictable maximum load demands. Thus, the distribution systems are sized
conservatively, and short-term load changes have little effect on the distribution system. Long- and medium-
term load forecasts predict the electrical load over time ranges measured in months or years. The short-term load
forecast (STLF) represents the electric load forecast for a time interval of a few hours to a few days. This thesis
will define STLF as a 30 days-ahead load forecast whose results will provide a daily electric load forecast in
megawatts (MW) for the future 30 days (a 30 days load profile).

I1. Designing Neural Network For Forecasting
A. Factor Affecting Short Term Load Forecasting
The basic objective of short-term load forecasting is to predict the near future load for example next
hour load prediction or next day load prediction etc. There are various factors which influence the behavior of
the consumer load and also impact the total losses in transmission lines. These factors can be categorized as
Time factor, weather, economy and random disturbances. In this research paper these factors and their impact on
consumption of electric power and their significance in short term load forecasting is evaluated.
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B. TIME FACTOR

Time is the most important factor in short term load forecasting because its impact on consumer load is
highest. From observing load curve of several different grid stations, it is found that the load curve has “time of
the day” property; also it has “day of week”, “week of month” and “month of season” property.

C. WEATHER

Weather is the most important independent variable for load forecasting. The effect of weather is most
prominent for domestic and agricultural consumers, but it can also alter the load profile of industrial consumers.
Load forecasting models use weather forecast and other factors to predict the future load, thus to minimize the
operational cost. Weather data is taken from the site
https://www.timeanddate.com/weather/bangladesh/dhaka/historic?month=6&year=2018
The weather factor includes the following
[J Temperature
Humidity
Precipitation
Wind speed and wind chill index
Cloud cover and light intensity

Iy R

|w)

. Temperature
The results of the D Paravan [25], shows that there is a high positive correlation between temperature
and load during summer season and there is a negative correlation between temperature and load during winter.
This means that during summer increase in temperature will result in increase in load and decrease in
temperature will result in decrease in not only average daily load but also will lower the peak demand. But in
winter the opposite of the above will happen, during winter decrease in per degree temperature will results in
increase of electric load.

F.HDD

"Heating degree days", or "HDD", are a measure of how much (in degrees), and for how long (in days), outside
air temperature was lower than a specific "base temperature™ (or "balance point"). They are used for calculations
relating to the energy consumption required to heat building

G.CDD

"Cooling degree days", or "CDD", are a measure of how much (in degrees), and for how long (in days), outside
air temperature was higher than a specific base temperature. They are used for calculations relating to the energy
consumption required to cool buildings.

H. Humidity

Humidity is a term used for the amount of water vapors in air. Formally humid air was called not just
the moist air but was referred as the mixture of water vapors and other constituents of air and humidity was
defined in terms of water contents of this mixture called the absolute humidity [26]. In everyday life it is called
relative humidity and is expressed in percentage.

I. Wind Speed and Wind Chill Index

Wind speed can affect weather forecast, it is now measured with anemometer, but it can also be
measured using the older Beaufort scale which is based on people’s observation on specially defined effects of
wind.

Wind chill temperature is always less than the air temperature and is undefined at temperature above
10° C. Any hot body makes the surrounding air warmer. The warmer air surrounding the body then acts as
insulator preventing the further heat loss. But if the wind blows then the colder air takes the place of the warmer
air thus causing further heat loss. The speed of the heat loss is directly proportional to the wind speed. Greater
the wind speed higher will be the heat loss. The above phenomenon is called wind chill.

I11. Forecasting System
The load forecasting task in this thesis depends on the variation of the parameters affecting the load of
a grid system where loads taken daily basis on 30 days (observing days). The load forecasting is calculated
according to the following procedures:
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LOAD FORECASTING MODEL DEVELOPMENT:

COLLECT HISTORICAL LOAD DATA

v
COLLECT HISTORICAL COLLECT HISTORICAL EVENT
EEEEREL OIS WEATHER DATA DATA
I ] I
E .
ANALYSE THE DATA PREPARF MODFEIL. INPIIT AND TEST
DATA
iR e«
FIT THE DATA AND RUN SELECT THE BEST MODEL AND
AELECTAMCORL: THE MODEL IMPLEMENT
RUN AND REFINE THE MODEL

Fig 1: Road map of Load Forecasting

1V. Simulation Result
Successful operation of ANN based load forecasting requires an appropriate training data set that can adequately
covers the entire solution space with a view to recognize and generalized the relations among the problem

variables.

A. Implementation of ANN using MATLAB.16

Fig 2: Open NF tool in MATLAB.16
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Meural Network Fitting Tool [nftool]
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Fig. 4: Training validation and testing percentage can be set according to the need.
In this paper Training was set to 70%, Validation was 15% and Testing was 15%
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Neural Network Fitting Tool [nftool)

Fig. 5: Error Retrain If error is high, and then to minimize the error Retrain is done. Then we can get plots of
performance, Training state, Fit and Regression.

NeulalilTetwolk Traiming [(nntraintool)
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Fig. 6: Training state, Fit and Regression
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Fig. 7: This shows the performance plot for 1% July 18 with 5 Epochs. This plot is Mean squared error vs.
Epochs.
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Fig. 8: This is the plot fit for output and targets. This error is difference between actual data and predicted data.
(1*uly, 18)
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Fig. 9: Regression plot for 1*July, 18
Similarly, various plots can be found for 2" July, 3rd July, 4th July, 5th July, 6" July and 7™ July
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g. 10: Performance plot for 2" July, 18
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) Regression (plotregression]

Training: R=1
& Data
w 30f Fit
L ¥=T
a
=
;:_: At
1]
=
(13
& oo}
il
L
=
o
S 15t
15 20 25 30
Target
Test: R=0.83956
L -
30 O Data ,

Output~=0.86"Target+4.8

15

20
Target

25 30

Fig. 12:

“alidation: R=0.96558

2 Data
25 Fit L
ET | [ = .
L—E ¥=T A
5
= .
& .
] .
w18 e
L 7
= -
= -
= J’
S 10 B
el
& 10 15 20 25
Target
All: R=0.95717

Data

Output~=1"Target+1.3

20 25
Target

Regression plot for 2" July, 18

30

=100

DOI: 10.9790/1676-1504011525

www.iosrjournals.org

22 | Page



Short-Term (Seven Day Basis) Load Forecasting Of a Grid System in Bangladesh Using ..

V. COMPARISONS OF ACTUAL AND PREDICTED RESULT

—#— Predicted Load —a— Actual Load
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Fig. 13: Comparison between actual and forecasted values

VI. TABULATION OF RESULTS & CALCULATION OF ERROR

Gare ACTUAL LOAD | PREDICTED LOAD
(Mw) (Mw)
01-07-18 12256 11433
02-07-18 12742 12177
03-07-18 12518 11423
04-07-18 12307 10402
05-07-18 13108 11527
06-07-18 12633 11595
07-07-18 13299 12750
Table -1

A. Error Calculation for 1% July 2018:

1 Actucl — Predict

MAPE = 3 — 100
N Acmar ) X 100%

MAPE = {[12256-411433] /12256} *100/7
=0.959 %
Similarly, calculation of error for 2™ July to 7" July can be done.
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Days MAPE %
01-07-18 0050
02-07-18 0633
03-07-18 1.249
04-07-18 2211
05-07-18 1.723
06-07-18 1.173
07-07-18 0589
Table-2
Data sets for Training and Testing
Jan 1- Jan 5
Feb 1-Feb5
Historical Daily
Load (Training) Mar 1 - Mar 5
April 1 - April 5
May 1 - May 5
Junl-Junb
Test Weeks July 1 -July 7

Table-3

VII. CONCLUSIONS
Based on the results obtained from this work, it can be concluded that ANN models with the developed

structure could perform good prediction with least error and finally this neural network could be an important
tool for short term power load forecasting. In this work, simulations and programming of short-term power load
forecasting problem presented for PGCB by using necessary ANN model. The results obtained showed the
effectiveness of the developed method. Based on the results obtained from this work, it can be concluded that
ANN models with the developed structure could perform good prediction with least error and finally this neural
network could be an important tool for short term power load forecasting
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